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1. Introduction

The history of the U.S. stock market is marked by striking booms and busts. For example,

during the Nasdaq bubble of the 1990s, internet stocks traded at price levels that defied

most rational pricing explanations. In the more recent “meme stocks” episode of 2021,

prices of GameStop and many other stocks skyrocketed, opening up financing opportuni-

ties that would have otherwise been unavailable to these firms. These dramatic valuation

episodes are often attributed to demand from investors who favor those stocks despite

the mismatch between valuations and fundamentals. How does this type of demand

affect the allocation of capital across firms? Does it promote investment in firms that are

more productive and have greater financial needs? If not, what is the magnitude of the

distortion in capital allocation resulting from investor demand? These questions speak

directly to the central role of financial markets for efficient capital allocation.

In this paper, we tackle these questions by developing and estimating a dynamic model

in which firms make investment and financing decisions while facing capital provision

driven by investor demand for their equity. The key feature in our setting that is distinct

from standard investment models is the direct incorporation of time-varying demand

from investors, which we discipline using detailed data on investor portfolios. Our model

embeds the endogenous relationship between investor demand and firms’ optimal in-

vestment and financing decisions. Using the estimated model, we uncover significant

responses of firms’ financial policies to investor demand. We also examine investment

policies, enabling us to evaluate the impact of investor demand on capital allocation

efficiency in U.S. public firms.

Our demand-side model is built on the framework introduced by Koĳen and Yogo

(2019), which models investor demand using firm characteristics and fluctuations in a

latent component in excess of the firm fundamentals. While their study addresses asset

pricing implications, our focus is on the firm side. We document that these demand-driven
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effects also have important implications for aggregate productivity and the efficient allo-

cation of capital in the economy. Eliminating excess demand alleviates the misallocation

of capital across firms by narrowing the dispersion in the marginal product of capital by

23.8% and reducing productivity losses by 22.3%.

The novel aspect of our model lies in the interplay between firms and investors. Firms

make financing and investment decisions after considering the equilibrium prices shaped

by investor demand, while these decisions also feed back into investors’ demand function.

The direct effect of investor demand resides in its influence on firms’ financing decisions.

High demand incentivizes firms to issue more shares, and weak demand induces firms

to buy back shares strategically at advantageous prices. Firms also alter their leverage

and cash decisions, all of which subsequently influence firm value, operational decisions,

and capital accumulation. Because our characteristic-based demand system depends on

firm attributes, this coordinated evolution of firm characteristics further affects investors’

demand for the firm’s stock. As such, our approach integrates the endogenous supply of

capital from investors into a standard neoclassical investment model.

Our model embeds two key channels through which investor demand impacts firms’

real investment decisions. First, fluctuations in investor demand create opportunities

for market timing, enabling firms to capitalize on financial transactions. This additional

source of profit alleviates financial constraints for firms and helps their investments con-

verge to an unconstrained level (the constraint-easing effect). Second, firms’ engagement in

financial transactions can have heterogeneous effects on their investment capacity, depend-

ing on realized excess demand (the dispersion effect). Positive excess demand encourages

firms to issue equity, providing them with additional funds to invest. Conversely, nega-

tive excess demand prompts firms to reduce investments and prioritize profitable financial

transactions in the equity market over investment efficiency. Contrary to the former effect,

the dispersion effect can introduce an additional wedge in the cross section of the marginal

product of capital, which can harm capital allocation efficiency in the economy.
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To quantify these effects of investor demand, we estimate the parameters of our dy-

namic model using the simulated method of moments (SMM). The model parameters are

divided into two groups: one that describes investors’ demand system and the other that

governs firm dynamics. When estimating demand parameters, it is crucial to consider

the feedback effects of firm decisions. We thus identify the key parameters of the de-

mand system through an indirect inference approach, employing an auxiliary model that

approximates the endogenous relationship between firm characteristics and latent excess

demand, without resorting to the instrumental variables in Koĳen and Yogo (2019). This

indirect inference approach provides us with a set of coefficients that dictate investor de-

mand based on observable firm characteristics, as well as variations in residual demand in

excess of these observed features. Turning to firm dynamics, we match model-generated

moments to real-data moments, identifying the set of parameters that shape firm policies

and dynamics. Our estimated model parameters generate simulated data that closely

match the key features of the data. Furthermore, we demonstrate our model’s external

validity by showing its ability to replicate data features not targeted in the estimation,

including firms’ overvaluation during seasoned equity offerings (SEOs).

With our estimated model at hand, we conduct several analyses to examine firms’

responses to excess investor demand. First, we focus on the flow of funds within firms.

When investor demand is low, financially constrained firms use cash reserves to repurchase

shares, which becomes an attractive investment opportunity. Thus, they forego otherwise

profitable physical investment. By comparison, investments of financially unconstrained

firms are affected by investor demand to a lesser extent. These firms use the proceeds

from financial transactions to distribute dividend payments to existing shareholders.

Second, we conduct counterfactual analyses to examine the impact of changing investor

clientele. When there is a large positive excess demand, mimicking a surge in “meme”

stock investors, firms increase their equity issuance more than tenfold. This equity financ-

ing results in increased capital investments, although these projects have low marginal
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returns. In a separate set of counterfactual analyses, we demonstrate that a growth of pas-

sive investors that mechanically track the broad market index can dampen equity issuance

and reduce investments.

We further examine how these firm-level effects of investor demand aggregate in the

economy by quantifying the magnitude of demand-driven capital misallocation. Our

counterfactual analyses compare the allocation of physical capital under our baseline

model with that under a counterfactual benchmark where excess demand from investors

is absent. Capital misallocation is measured using the variance of the marginal product

of capital (MPK) in the cross section of firms and the average loss in the total factor

productivity (TFP) in the economy, both of which capture deviations from efficient capital

allocation across firms (Hsieh and Klenow, 2009). We find that excess investor demand

results in significant increases in capital misallocation among firms, as the dispersion

effect of investor demand outweighs the constraint-easing effect. In the counterfactual

economy where excess investor demand is switched off, we observe a reduction of 23.8%

in the dispersion of MPK and a 22.3% decrease in TFP loss. These results suggest that

fluctuations in investor demand can impose significant barriers to the efficient allocation

of capital in the real economy. Firms’ inclination to engage in financial market transactions

creates conflicting incentives for the allocation of capital resources.

Our estimation provides several additional interesting results. First, we compare our

baseline model with an alternative model where we shut down the feedback loop between

investor demand and firm policy. The former aligns more closely with the data, matching

the observed correlation between firms’ equity issuance and other characteristics. Second,

investor excess demand results in greater dispersion in firms’ cash holding and size

distributions, contributing to the emergence of mega-size firms. Third, fluctuations in

investor demand are an important driver of misallocation, compared with other sources

of misallocation that have been established in previous studies (Midrigan and Xu, 2014;

Moll, 2014; David, Schmid, and Zeke, 2022). In particular, the impact of investor demand
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is more substantial than that arising from debt market and capital adjustment frictions; it

is comparable in magnitude to the risk considerations, which is a key driver for measured

capital misallocation among US firms, according to (David, Schmid, and Zeke, 2022).

Finally, we perform several analyses to investigate the origins of fluctuations in latent

excess demand. Koĳen and Yogo (2019) interpret these demand fluctuations as being

driven by investor sentiment—excess demand is latent to econometricians and is not

associated with observable firm characteristics. While any interpretation of latent fac-

tors hinges critically on the model utilized, we nevertheless examine the extent to which

these demand fluctuations can be attributed to sentiment. First, latent demand exhibits a

stronger correlation with non-fundamental asset pricing factors rather than fundamental

ones, based on a comprehensive set of pricing predictors detailed in Chen and Zimmer-

mann (2022). Second, latent demand is strongly and positively associated with sentiment

metrics commonly used in the literature, for example, those based on news releases, order

imbalance, and the tone of earnings conference calls. Finally, by performing subsample

estimation, we find that firms with a higher proportion of household investors and those

experiencing greater fluctuations in sentiment are also associated with more volatile latent

demand, suggesting a link between demand and sentiment. Capital allocation is distorted

to an even greater extent in the subsample of firms with greater sentiment fluctuation and

higher household ownership.

Our paper contributes to several strands of literature. First, it adds to the growing

literature on the allocation of capital in the real and financial markets. Following the

seminal work of Hsieh and Klenow (2009) that documents substantial gaps in resource

misallocation across firms in China and India, prior studies have quantitatively evaluated

various real and financial frictions that can contribute to such misallocation, including

debt constraints (Midrigan and Xu, 2014; Bai, Lu, and Tian, 2018), capital adjustment

costs, technology dispersion, and information frictions (David and Venkateswaran, 2019),

and taxes (Glover and Levine, 2021). We contribute to this literature by focusing on a new
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source of capital misallocation driven by investor demand. We use a tightly disciplined

dynamic corporate finance model to study this demand-driven channel and document

a large quantitative effect on capital allocation efficiency. Our modeling framework is

closely related to those used in several recent studies that quantify resource misallocation

in the economy. David, Schmid, and Zeke (2022) develop a theory linking misallocation to

macroeconomic risk and show that risk considerations explain about 25% of the observed

MPK dispersion among US firms. Relatedly, Kilic and Tuzel (2023) demonstrate that firms’

exposure to growth spurts also helps to explain significant variations in their MPK. Zhao

and Whited (2021) estimate the real losses arising from the cross-sectional misallocation

of financial liabilities, revealing a much higher distortionary cost among Chinese firms

than among US firms.

Second, our paper contributes to the large body of literature exploring how investor

misvaluation affects corporate policies. Using survey data from corporate managers,

Graham and Harvey (2001) report that managers consider equity market valuation for

share issuance. Baker and Wurgler (2002) show that managers actively exploit relative

misvaluation and engage in market timing. Khan, Kogan, and Serafeim (2012) show

that equity mispricing driven by investor flows affects managers’ SEO timing.1 Our

paper belongs to the growing body of studies that quantify the real consequence of such

equity misvaluation. Warusawitharana and Whited (2016) study a dynamic investment

model to estimate the extent to which mispricing, reflected in firms’ market-to-book

ratios, drives investment and financing. Dessaint, Foucault, Frésard, and Matray (2019)

document that firms adjust their investment to stock market noises induced by mutual

fund flows. Binsbergen and Opp (2019) investigate the implications of cross-sectional asset

pricing anomalies for asset allocation in the economy using a dynamic framework to link

distortions in agents’ subjective beliefs to these anomalies. Our study is distinct in that

we directly model the interaction between firms and the demand of equity investors. We

1Baker (2009) and Bond, Edmans, and Goldstein (2012) provide an extensive review of the literature.
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use detailed institutional holdings data combined with a new estimation strategy in asset

pricing that is flexible to match features in the data. Our estimation yields realistic demand

elasticity and variations of demand across investors and time, making it well-suited for

quantifying the associated misallocative effects.

Third, our paper also contributes to the growing body of literature on the demand-

based approach in asset pricing, à la Koĳen and Yogo (2019), which allows for flexible

empirical modeling of investor demand that can match important features of data. Exist-

ing papers in the literature focus primarily on the asset pricing implications of investor

demand, treating firms’ financing and investment decisions as exogenous. We contribute

to this literature by building a dynamic model of heterogeneous firms that make optimal

investment and financing decisions, taking into account the potential reactions from the

investors. This approach allows us to endogenize the evolution of firm characteristics

and the supply of firm equity. We jointly estimate the supply and demand side of the

model using firm balance sheet information and detailed investor holdings data, thus

fully leveraging the empirical flexibility of the demand-based approach of Koĳen and

Yogo (2019). Methodologically, our paper belongs to the growing literature that employs

structural model calibration or estimation to address corporate finance questions in capital

investment, leverage choice, governance, and valuation (e.g., Hennessy and Whited, 2005;

Rampini and Viswanathan, 2010; Korteweg, 2010; Taylor, 2010; Morellec, Nikolov, and

Schurhoff, 2012; Glover and Levine, 2017; Corhay, Kung, and Schmid, 2020; Terry, 2023).

We contribute to the existing literature by developing a framework that can be applied to

explore a wide range of questions pertaining to the real effects of investor demand and its

macroeconomic implications.

2. Model

Our objective is to build a model that endogenizes the demand and supply sides of

equity capital. To achieve this, we construct a dynamic model in which firms face capital
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provision that arises from investor demand. In response to time-varying investor de-

mand, firms make optimal decisions on share issuance and repurchase, dividend payout,

leverage, and investment, which, in turn, will feed back into investors’ demand functions.

2.1. Firm’s cash flows

We consider heterogeneous firms, indexed by 𝑛, that face a decreasing return-to-scale

technology and use capital, 𝐾𝑛,𝑡 , as the input to generate per period pre-tax profits:

𝑌𝑛,𝑡 = 𝑎
𝜁𝑛
𝑡 𝑧𝑛,𝑡𝐾

𝛼
𝑛,𝑡 . (1)

Firm productivity (in logs) equals 𝜁𝑛 log(𝑎𝑡) + log(𝑧𝑛,𝑡), where log(𝑎𝑡) captures an

aggregate component of productivity that is common across firms, and log(𝑧𝑛,𝑡) denotes

an idiosyncratic component of productivity. 𝜁𝑛 captures the exposure of the productivity

of firm 𝑛 to aggregate conditions. We assume 𝜁𝑛 is heterogeneously distributed across

firms as 𝜁𝑛 ∼ 𝒩(1, 𝜎2
𝜁). Both the macro- and firm-level components of productivity follow

AR(1) processes:

log(𝑎𝑡+1) = 𝜌𝑎 log(𝑎𝑡) + 𝜈𝑎𝑡+1, with 𝜈𝑎𝑡+1 ∼ 𝒩(0, 𝜎2
𝑎), (2)

log(𝑧𝑛,𝑡+1) = 𝜌𝑧 log(𝑧𝑛,𝑡) + 𝜈𝑧𝑛,𝑡+1, with 𝜈𝑧𝑛,𝑡+1 ∼ 𝒩(0, 𝜎2
𝑧). (3)

For ease of notation, we drop subscript 𝑛 when the meaning is clear. The law of motion

for 𝐾𝑡 is given by:

𝐾𝑡+1 = (1 − 𝛿)𝐾𝑡 + 𝐼𝑡 , (4)

where 𝐼𝑡 is the capital investment at time 𝑡 and 𝛿 is the capital depreciation rate.

A firm making investment 𝐼𝑡 incurs a quadratic capital adjustment cost:

Ξ(𝐼𝑡 , 𝐾𝑡) ≡ 𝜉
𝐼2𝑡
𝐾𝑡
, (5)

where 𝜉 denotes the capital adjustment parameter.
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We use 𝐶𝑡 to denote a firm’s net cash. When 𝐶𝑡 > 0, the firm is holding more cash

than its debt outstanding, and hence it is earning the risk-free interest rate, 𝑟, on the net

cash balance while 𝐶𝑡 < 0 indicates that the firm carries net debt on its balance sheet. The

firm’s debt is subject to a collateral constraint:

− 𝐶𝑡 ≤ 𝜃𝐾𝑡 , (6)

where 𝜃 is the pledgeability parameter and can be interpreted as the fraction of tangible

assets that the firm can pledge to a lender. The firm can finance its investments via internal

cash or by issuing new debt:

𝐼𝑡 + Ξ(𝐼𝑡 , 𝐾𝑡) = (1 − 𝜏𝑐)𝑎𝜁𝑡 𝑧𝑡𝐾
𝛼
𝑡 + 𝛿𝜏𝑐𝐾𝑡 + 𝐶𝑡 [1 + 𝑟(1 − 𝜏𝑐)] − 𝐶̊𝑡 − 𝑓 , (7)

where 𝐶̊𝑡 denotes the firm’s cash reserves before any equity issuance or payout, 𝜏𝑐 is the

corporate tax rate, and 𝑓 represents fixed operating costs. The firm can draw down its

cash reserve by making payments to equity holders or increase it by floating new shares:

𝐶𝑡+1 = 𝐶̊𝑡 + 𝐸𝑡 −Ψ(𝐸𝑡) − 𝐷𝑡 , (8)

where we allow the dollar amount of equity flow, 𝐸𝑡 , to be either positive or negative,

with a positive number indicating equity issuance and a negative number indicating share

repurchase. 𝐷𝑡 represents dividend payments. When the firm issues new equity (i.e., when

𝐸 > 0), it incurs an equity issuance cost:

Ψ(𝐸𝑡) = 𝜙𝐸𝑡 × 1{𝐸𝑡>0} , (9)

where 𝜙 is the equity issuance cost parameter. The equity issuance costs are motivated

by underwriting fees and adverse selection costs. To keep the model tractable, we do not

model the costs of external equity as the outcome of an asymmetric information problem.

Following Cooley and Quadrini (2001), Gomes and Schmid (2021), and Begenau and

Salomao (2019), we capture adverse selection costs and underwriting fees in a reduced
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form using a linear equity issuance cost, 𝜙, multiplied by the dollar amount of equity

issuance.

2.2. Investors’ portfolio choices

There are 𝐼 investors indexed by 𝑖 = 1, . . . , 𝐼, each endowed with wealth 𝐴𝑖 . Assets are

indexed by 𝑛 = 0, 1, . . . , 𝑁 , with asset 𝑛 ≥ 1 corresponding to firm 𝑛’s stock and 𝑛 = 0

corresponding to the outside asset (i.e., assets other than stocks). Each investor allocates

wealth 𝐴𝑖 across the assets in her investment universe 𝒩 𝑖 ⊆ {0, 1, . . . , 𝑁}. Investor 𝑖’s

portfolio weight on asset 𝑛 at time 𝑡 is denoted by 𝑤𝑖 ,𝑡(𝑛), with
∑
𝑛∈𝒩 𝑖 𝑤𝑖 ,𝑡(𝑛) = 1.

Following the characteristics-based demand system of Koĳen and Yogo (2019), we

model investor 𝑖’s portfolio weight on asset 𝑛 ∈ 𝒩 𝑖 \ {0} as a logit function of the as-

set’s observed characteristics, 𝒙𝑡(𝑛) = {𝑥1,𝑡(𝑛), 𝑥2,𝑡(𝑛), · · · 𝑥𝐾,𝑡(𝑛)}, and unobserved latent

demand, 𝜖𝑖 ,𝑡(𝑛):2

𝑤𝑖 ,𝑡(𝑛) =
exp

{∑𝐾
𝑘=1 𝛽𝑘,𝑖 𝑥𝑘,𝑡(𝑛) + 𝛽0,𝑖

}
· 𝜖𝑖 ,𝑡(𝑛)

1 +∑
𝑚∈𝒩 𝑖\{0} exp

{∑𝐾
𝑘=1 𝛽𝑘,𝑖 𝑥𝑘,𝑡(𝑚) + 𝛽0,𝑖

}
· 𝜖𝑖 ,𝑡(𝑚)

. (10)

As shown by Koĳen and Yogo (2019), this formulation aligns with the optimal portfolio

weights of investors who pursue mean-variance optimization and hold long-only portfo-

lios, given that the expected returns and factor loadings of assets are expressed as polyno-

mial functions of observable characteristics. Koĳen and Yogo (2019) also demonstrate the

empirical relevance of this characteristic-based demand system. To operationalize this ap-

proach, we use the same set of 𝐾 characteristics as Koĳen and Yogo (2019), which includes

log market equity, log book equity, investment, profitability, dividends, and market beta.3

The first element in 𝒙𝑡 represents the log market equity, and the demand parameter 𝛽𝑘,𝑖

captures how investor 𝑖’s demand varies with respect to firm characteristic 𝑥𝑘,𝑡 .

2Latent demand for the outside asset, 𝜖𝑖 ,𝑡(0), is normalized to one, and hence investor 𝑖’s portfolio weight
on the outside asset, 𝑤𝑖 ,𝑡(0), equals one divided by the denominator in Equation (10).

3We construct investment and profitability based on the variable definitions in Fama and French (2015),
i.e., investment as asset growth and profitability as operating profitability. Market beta is estimated through
a 60-month rolling regression of past monthly excess returns, ensuring at least 24 months of nonmissing
returns.
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The choice of these specific characteristics in the demand system is informed by the

widely recognized Fama-French five-factor model. In addition, dividends and market

beta are traditionally seen as indicators of a firm’s fundamental value and susceptibility to

systematic risk. Including market beta thus allows us to account for the effect of aggregate

risk. We do not further include return variables, such as momentum or reversal. This

is in line with the insights from Hou, Xue, and Zhang (2015), who found that specific

characteristics in our model, like profitability and book-to-market, can explain the effects

of these return variables. We also opt for a relatively parsimonious specification as in

Koĳen and Yogo (2019), which serves to alleviate multi-collinearity and overfitting issues.

This choice also facilitates comparisons of our model results with those in the previous

studies.

The latent demand component in Equation (10), 𝜖𝑖 ,𝑡 , which we also refer to as excess

demand, represents investor 𝑖’s demand in excess of the observed firm characteristics. We

normalize the mean of latent demand for each investor 𝑖 and time 𝑡 to one, such that its

cross-sectional distribution captures the investor’s excess demand across assets. When

such demand is concentrated in asset 𝑛 across investors, it indicates strong aggregate

demand for that asset that is unexplained by observed characteristics, which can coincide

with heightened investor sentiment as discussed in Koĳen and Yogo (2019).4

2.3. Investor demand, equity issuance, and price impacts

In this section, we explore the interaction between firms’ decisions to issue and re-

purchase stocks and investor demand for the firms’ equity. We also discuss how such

decisions influence the equilibrium price of firms’ equity.

We use 𝑠𝑡(𝑛) to denote the logarithm of a firm’s outstanding shares so that Δ𝑠𝑡(𝑛)

represents the percentage of new equity issuance in a given year if it is greater than zero

and share repurchases if is less than zero. Let 𝑝𝑡(𝑛) denote the log of the equilibrium

4Note that latent demand for stock 𝑛, 𝜖𝑖 ,𝑡(𝑛), does not have to aggregate to zero across investors.
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market price of firm 𝑛’s stock, which satisfies the market-clearing condition similar to that

in Koĳen and Yogo (2019):

𝑝𝑡(𝑛) + 𝑠𝑡(𝑛) − log [𝐴(𝑛) ·𝑊𝑡(𝑛)] = 0. (11)

In the market-clearing condition (11), 𝐴(𝑛) ≡ ∑
𝑖∈𝐼 𝐴𝑖 · 1𝑛∈𝒩𝑖

is the total dollar amount

of investable wealth on firm 𝑛, and𝑊𝑡(𝑛) is the aggregate portfolio weight investors place

on firm 𝑛’s stock, characterized by:

𝑊𝑡(𝑛) ≡𝑊 (𝒙𝑡(𝑛), 𝜖𝑡(𝑛)) =
exp

{
𝜷 𝒙𝑡(𝑛)

}
· 𝜖𝑡(𝑛)

1 +∑
𝑚∈𝒩𝑛\{0} exp

{
𝜷 𝒙𝑡(𝑚)

}
· 𝜖𝑡(𝑚)

. (12)

The aggregate portfolio weight depends on firm 𝑛’s characteristics, 𝒙𝑡(𝑛), and investors’

excess demand for firm 𝑛’s equity, 𝜖𝑡(𝑛). 𝒩𝑛 ≡ ⋃
𝑛∈𝒩 𝑖 𝒩 𝑖 includes all other securities that

firm 𝑛’s investors might also consider holding. Intuitively, Equation (12) represents the

firm-level counterpart of individual investor’s demand in Equation (10), describing the

aggregate portfolio share of firm 𝑛 among its investors. Similarly, 𝜖𝑡(𝑛) captures firm-level

excess investor demand, which can be derived by aggregating individual investors’ excess

demand weighted by their wealth, 𝐴𝑖 , as shown in Internet Appendix B.1.

The market-clearing condition, as expressed in Equation (11), is pivotal for analyzing

how changes in firm-level excess demand and the firm’s decision to issue or repurchase

shares would affect the equilibrium price. Taking derivatives of Equation (11) with respect

to log firm-level excess demand and log shares outstanding, we can define the price

impacts of excess demand, Υ𝜖, and equity issuance, Υ𝑠 :

Υ𝜖 (𝒙𝑡(𝑛), 𝜖𝑡(𝑛)) ≡
𝜕𝑝𝑡(𝑛)

𝜕 log 𝜖𝑡(𝑛)
= −

{
𝜕 log [𝑊𝑡(𝑛)𝐴(𝑛)]

𝜕 log 𝜖𝑡(𝑛)

}
·
{
𝜕 log [𝑊𝑡(𝑛)𝐴(𝑛)]

𝜕𝑝𝑡(𝑛)
− 1

}−1

= − {1 −𝑊𝑡(𝑛)} · {𝛽𝑚𝑒 [1 −𝑊𝑡(𝑛)] − 1}−1 , (13)

Υ𝑠 (𝒙𝑡(𝑛), 𝜖𝑡(𝑛)) ≡
𝜕𝑝𝑡(𝑛)
𝜕𝑠𝑡(𝑛)

= −
{
𝜕 log [𝑊𝑡(𝑛)𝐴(𝑛)]

𝜕𝑠𝑡(𝑛)
− 1

}
·
{
𝜕 log [𝑊𝑡(𝑛)𝐴(𝑛)]

𝜕𝑝𝑡(𝑛)
− 1

}−1

= − {(𝛽𝑚𝑒 + 𝛽𝑏𝑒 × 𝑚𝑒𝑏𝑒) [1 −𝑊𝑡(𝑛)] − 1} · {𝛽𝑚𝑒 [1 −𝑊𝑡(𝑛)] − 1}−1 , (14)
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where 𝛽𝑚𝑒 and 𝛽𝑏𝑒 are demand coefficients associated with log market equity and log

book equity, respectively, and 𝑚𝑒𝑏𝑒 denotes the log market-to-book equity. Note that

both 𝛽𝑚𝑒 and 𝛽𝑏𝑒 appear in Equation (14) because equity issuance and repurchase will

simultaneously change a firm’s market capitalization and book equity.

The price impacts of demand shocks and equity issuance in Equations (13) and (14)

capture the investor-firm interface. The first quantity in Equation (13) measures the percent

change in the stock price when underlying excess demand changes by one percent, which

is positive (i.e., excess demand increases the firm’s stock price of the firm) when 𝛽𝑚𝑒 < 1

(i.e., the demand curve is downward-sloping). The second quantity in Equation (14)

represents the percent change in the stock price when the firm issues one percent of new

equity, i.e., the price impact of net share issuance. This quantity is generally negative when

𝛽𝑚𝑒 + 𝛽𝑏𝑒 · 𝑚𝑒𝑏𝑒 is less than one. When investors’ demand for high book-equity stocks

is weak (i.e., low 𝛽𝑏𝑒) and book equity does not increase significantly with new share

issuance (which happens when the market-to-book is low), the stock price will respond

more negatively to net issuance.

2.4. The firm’s optimization problem

At the beginning of each period, firms observe the aggregate productivity of the

economy, 𝑎𝑡 , specified in Equation (2), and Γ𝑡 , which denotes the distribution of firms

in the economy. This distribution is relevant for the firm’s decision-making because

investors’ portfolio weights depend not only on their own characteristics but also on

the joint distribution of characteristics for other firms held by investors, according to

Equation (12). Therefore, Γ𝑡 will influence the price at which the firm can issue or

repurchase shares through the investor demand channel discussed in Section 2.3.

In addition to the aggregate productivity shocks, firms also face idiosyncratic produc-

tivity shocks, 𝑧, defined in Equation (3), and excess idiosyncratic demand shocks, 𝜖. Firms
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approximate the evolution of their log excess demand using an AR(1) process:

log(𝜖𝑡+1) = 𝜌𝜖 log(𝜖𝑡) + 𝜈𝜖𝑡+1, with 𝜈𝜖𝑡+1 ∼ 𝒩(0, 𝜎2
𝜖). (15)

Firms then produce and simultaneously announce their current-period investment,

debt, and dividend policies. They can also tap the capital market to issue or repurchase

additional shares; the price at which these transactions take place is determined in equilib-

rium by both firms’ actions and investors’ demand. When the equity market transaction

prices deviate from a firm’s fundamental value, it results in a transfer of wealth from

investors who trade with the firm to those who do not. Firm managers design their

market-timing strategies to maximize the value of their controlling shareholders who do

not engage directly in equity transactions with the firm. This means that, in the event of

a share repurchase, the managers will maximize the value of the retaining shareholders.

The setup closely follows that in Warusawitharana and Whited (2016), who provide de-

tailed discussions on incorporating managers’ market-timing incentives into an otherwise

standard neoclassical model of investment.

The Bellman for the firm’s controlling shareholder can be written recursively as follows

(for simplicity, we drop the time subscript and firm indexing):

𝑉(𝐾, 𝐶, 𝑧, 𝜖; a, Γ) = max
{Δ𝑠,𝐸,𝐷,𝐼,𝐶′}

(1 − 𝜏𝑑)𝐷 + 1
1 + Δ𝑠

E𝑧,𝜖,𝑎 [𝑚(𝑎, 𝑎′)𝑉(𝐾′, 𝐶′, 𝑧′, 𝜖′; a’, Γ′)] , (16)

where 𝐾 and 𝐶 represent the existing level of physical capital and the cash balance, 𝐼

represents investments, Δ𝑠 and 𝐸 are the fraction and dollar amount of equity issuance,

respectively, 𝐷 is the dividend payment, and 𝜏𝑑 denotes the dividend tax rate. Any

variable with a prime denotes its value in the next period. We multiply the continuation

value of the firm by 1
1+Δ𝑠 to capture the dilution effect after new equity issuance.
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We denote𝑚(·) as the stochastic discount factor (SDF) for the controlling shareholders.5

Following Zhang (2005) and David, Schmid, and Zeke (2022), we specify the law of motion

for the SDF as:

log (𝑚𝑡+1) = log𝜂 − 𝛾𝑡𝜈
𝑎
𝑡+1 −

1
2𝛾

2
𝑡 𝜎

2
𝑎 , (17)

𝛾𝑡 = 𝛾0 + 𝛾1 log(𝑎𝑡), (18)

where 𝜈𝑎
𝑡+1 is the time 𝑡+1 innovation to the aggregate productivity shock, and 𝜎2

𝑎 captures

the variance of the innovation, defined in Equation (2). Parameters 0 < 𝜂 < 1, 𝛾0 > 0,

and 𝛾1 ≤ 0 are constants that govern the relationship between the SDF and aggregate

productivity. This formulation allows us to capture, in a simple manner, a time-varying

and countercyclical price of risk as observed in the data. Similar to Warusawitharana

and Whited (2016), controlling shareholders value the firm at the intrinsic value 𝑉 using

their SDF, which represents the marginal utility of their wealth. The equity wealth of

the controlling holders is measured using the intrinsic value of equity. This is consistent

with the notion that these controlling shareholders do not directly engage in any equity

transactions with the firm. This stipulation is natural and aligns well with a firm’s market

timing incentive via issuing and repurchasing shares, as it would be disadvantageous for

controlling shareholders to participate in such share transactions with the firm.

The firm optimizes Equation (16) subject to the laws of motion in Equations (2), (3),

(15), (17), and constraints in Equations (4), (6), (7), and (8). In addition, the firm’s dollar

amount of equity issuance (𝐸) and the fraction of new shares issued (Δ𝑠) satisfy the

5Note that this SDF may not necessarily align with the marginal utility of investors, as their portfolio
preferences depend on both firm characteristics and their latent demand. Our approach is akin to the one
in Warusawitharana and Whited (2016), where the firm’s SDF represents the marginal utility of wealth for
the controlling shareholders.
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following condition:

𝐸 = Δ𝑠

{
1 +

[∫ log(𝜖)

log(𝜖̃)=0
Υ𝜖(𝒙Δ𝑠=0, 𝜖̃)𝑑 log(𝜖̃) +

∫ Δ𝑠

𝑠=0
Υ𝑠(𝒙 , 𝜖)𝑑𝑠

]}
× [𝑉(𝐾, 𝐶, 𝑧, 𝜖; a, Γ) − (1 − 𝜏𝑑)𝐷] , (19)

which states that the dollar amount of equity issuance should equal the fraction of shares

issued multiplied by the market price. Functions Υ𝜖(·) and Υ𝑠 (·) capture the price impacts

of excess demand and the firm’s equity issuance, as specified in Equations (13) and (14).6

𝑉(𝐾, 𝐶, 𝑧, 𝜖; a, Γ) is the value of the group of existing shareholders calculated in Equa-

tion (16), to which we also refer as the firm’s intrinsic value. 𝐸
Δ𝑠 captures the firm’s market

value, which equals the forward-looking intrinsic value, adjusted for any price pressure

arising from either investor demand or the firm’s equity issuance.

2.5. Recursive competitive equilibrium

Given an initial firm distribution, a recursive competitive equilibrium consists of the

value function𝑉(𝐾, 𝐶, 𝑧, 𝜖; a, Γ); firm policy functions𝐾′(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), 𝐶′(𝐾, 𝐶, 𝑧, 𝜖; a, Γ),

Δ𝑠(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), 𝐸(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), and 𝐷(𝐾, 𝐶, 𝑧, 𝜖; a, Γ); investors’ policy function for

the portfolio choices 𝑤𝑖 ,𝑡(𝑛); and a bounded sequence of firm measures {Γ𝑡}∞𝑡=1, such that

for all 𝑡 ≥ 0:

1. Firm policy functions 𝐾′(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), 𝐶′(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), Δ𝑠(𝐾, 𝐶, 𝑧, 𝜖; a, Γ),

𝐸(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), 𝐷(𝐾, 𝐶, 𝑧, 𝜖; a, Γ), and value function 𝑉(𝐾, 𝐶, 𝑧, 𝜖; a, Γ) solve the

firm’ optimization problem (Equation 16).

2. All investors choose their portfolio weights 𝑤𝑖 ,𝑡(𝑛) following the demand function

specified in Equation (10).

3. The asset market clears, as specified in Equation (11).

6Note that price pressure function Υ𝜖(·) is evaluated at the point where no equity is issued (Δ𝑠 = 0).
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4. For all Borel sets 𝒦 × 𝒞 ×𝒵 × ℰ ⊂ ℛ+ × ℛ × ℛ+ × ℛ+ and ∀ 𝑡 ≥ 0,

Γ𝑡+1(𝒦 × 𝒞 ×𝒵 × ℰ) =
∫
𝒵

∫
ℰ

∫
ℬ(𝒦 ,𝒞 ,𝒜)

𝑑Γ𝑡(𝐾, 𝐶, 𝑧, 𝜖)𝑑𝐺(𝜖′|𝜖)𝑑𝐻(𝑧′|𝑧), (20)

whereℬ(𝒦 , 𝒞 ,𝒜) = {(𝐾, 𝐶, 𝑧, 𝜖) 𝑠.𝑡. 𝐾′(𝐾, 𝐶, 𝑧, 𝜖; a, Γ) ∈ 𝒦 , 𝐶′(𝐾, 𝐶, 𝑧, 𝜖; a, Γ) ∈ 𝒞},

and𝐺(𝜖) and𝐻(𝑧)denote the distribution of excess demand and productivity shocks,

respectively.

We describe the algorithm for computing the equilibrium in detail in Internet Ap-

pendix A.1.

3. Estimation

In this section, we start by describing the estimation and identification strategy. Next,

we present the estimation results, followed by a battery of validation tests to assess the

reliability of both our model and the indirect inference approach.

3.1. Data

Our analysis of firm-level dynamics requires stock prices from the Center for Research

in Security Prices (CRSP) and accounting data from Compustat. We exclude firms in the

utility sector (SIC 4900-4999) and financial firms (SIC 6000-6999). Using the available data,

we construct the key firm-side variables used in our estimation. Table 1 outlines how we

construct these variables, and Table 2 presents summary statistics. Our sample period is

from 1980 to 2021. The beginning of the sample period is determined by the availability

of the institutional holdings data, which we describe in greater detail below.

To estimate investor demand, we draw institutional stock holdings data from the

Thompson Reuters Institutional Holdings Database, which is based on the Form 13F

filings. All US-based institutions with assets under management exceeding $100 million

dollars are required to report their long-side holdings in the 13F filings if their holding

in a publicly listed stock is greater than 10,000 shares or $200,000. We merge these insti-
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tutional holdings data with the CRSP-Compustat data and filter out any holdings data

that do not match with the CRSP-Compustat database. We compute portfolio weights for

common stocks (i.e., CRSP share code 10 or 11) held by a 13F institution as the ratio of the

dollar amount held to the total dollar amount of all stocks held by the institution. Stocks

with missing characteristics or returns and those with CRSP share code 12 or 18 (foreign

companies or real estate investment trusts) are classified as the outside asset (i.e., 𝑛 = 0),

consistent with the methodology outlined in Koĳen and Yogo (2019).

3.2. Identification

Our estimation starts by identifying parameters that pertain to investor demand, in-

cluding 𝜷 =
{
𝛽𝑚𝑒 , 𝛽𝑏𝑒 , 𝛽𝑖𝑛𝑣 , 𝛽𝑝𝑟𝑜 𝑓 , 𝛽𝑑𝑖𝑣 , 𝛽𝑚𝑘𝑡𝑏𝑒𝑡𝑎

}
, which captures how demand responds to

log market equity, log book equity, investment, profitability, dividends, and market beta,

respectively, and {𝜌𝜖 , 𝜎𝜖}, which captures the persistence and standard deviation of latent

excess demand that firms face.

We estimate the demand-side parameters using an indirect inference approach, which

involves first running the following regression in the data:7

log𝑤𝑖 ,𝑡(𝑛) ∼ 𝛾𝑚𝑒 · 𝑚𝑒𝑛,𝑡 + 𝛾𝑏𝑒 · 𝑏𝑒𝑛,𝑡 + 𝛾𝑖𝑛𝑣 · 𝑖𝑛𝑣𝑛,𝑡 + 𝛾𝑝𝑟𝑜 𝑓 · 𝑝𝑟𝑜 𝑓𝑛,𝑡 + 𝛾𝑑𝑖𝑣 · 𝑑𝑖𝑣𝑛,𝑡

+ 𝛾𝑚𝑘𝑡𝑏𝑒𝑡𝑎 · 𝑚𝑘𝑡𝑏𝑒𝑡𝑎𝑛,𝑡 + 𝜇𝑖 ,𝑡(𝑛). (21)

If latent demand is exogenous, i.e., {𝜖𝑖 ,𝑡(𝑛)} in Equation (10) is uncorrelated with the

firm characteristics, such as market and book equity and investment, then the vector of

coefficient estimates, 𝜸̂, should be an unbiased estimate of the true structural demand

parameters, 𝜷, allowing us to equate the estimated residuals in the regression, {𝜇𝑖 ,𝑡(𝑛)} to

the log of latent excess demand. This condition is, however, likely to be violated because

of inherent endogeneity in market equity and other supply-side policies. Nevertheless,

the main idea underlying our indirect inference approach is that, even though these

7For actual data, we run regressions at each institution-quarter level similar to that in Koĳen and Yogo
(2019). Details on the moment construction can be found in Internet Appendix B.2.
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estimates are biased, we can still use them as moments to match because they contain

useful information on the underlying structural parameters we are interested in.

To match the regression coefficients from the data, 𝜸̂, with their model counterparts,

we run the same regression of investor portfolio holdings 𝑤(𝑛) on firm characteristics

𝒙(𝑛), using the simulated data from the model. Note first that the estimated regression

coefficients from the actual data, 𝜸̂, in Equation (21) can be viewed as the true parame-

ters, 𝜷, plus a bias that arises from the feedback effect of demand shocks on supply-side

policies. Thus, the regression coefficients can provide useful information on the underly-

ing preference parameters and serve as effective identifying moments. Furthermore, our

model endogenizes firms’ investment and financing policies based on their information

set, including their knowledge of latent demand, as specified in Equation (16). Therefore,

the regression coefficients obtained using our simulated data also capture similar endoge-

nous feedback relationships between latent demand and the observed firm characteristics

that should be present in the data, leading to a consistent mapping between the model

and data moments. By matching these regression coefficients, 𝜸̂, which capture feedback

from the supply-side effects, we can effectively back out the underlying structural demand

parameters, 𝜷. Next, we identify the autocorrelation and standard deviation of latent de-

mand that firms face, {𝜌𝜖 , 𝜎𝜖}, by matching the autocorrelation and standard deviation of

the residual in the auxiliary Equation (21).

This identification strategy for structural parameter 𝜷 follows the indirect inference

approach employed in a large body of literature, wherein the complexity of the setup

rules out a direct inference approach to match the deep structural parameters (Gourieroux,

Monfort, and Renault, 1993; Cooper and Haltiwanger, 2006). An alternative approach to

indirect inference is to use instrumental variables (IVs) for firm characteristics. Koĳen and

Yogo (2019), for example, exploit stickiness in the investor universe to instrument market

equity while assuming that other firm characteristics are exogenous to investor demand.

In settings where instruments for multiple firm characteristics are not readily available,
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our indirect inference approach is useful. We later provide a more detailed discussion of

our approach vis-à-vis the IV approach in Section 3.5.

Our estimation of the firm-side parameters relies on the SMM, through which we seek

to identify the set of parameter values that enables the simulated firm behaviors to track

the actual data as closely as possible. The success of SMM estimation hinges critically on

selecting moments that are sensitive to variations in underlying structural parameters. At

the same time, it is also crucial that we avoid “cherry-picking” by focusing on moments

that reflect important characteristics of the data. We explain below how we select those

moments for our SMM estimation.

We use the autocorrelation and standard deviation of firms’ profitability to identify

the law of motion for the idiosyncratic productivity process, {𝜌𝑧 , 𝜎𝑧}. We include in

our set of moments the mean of investment to determine the depreciation rate, 𝛿, and the

standard deviation of investment to determine the cost of capital adjustment, 𝜉. To identify

the equity issuance cost parameter, 𝜙, we use the mean and standard deviation of firms’

percentage of equity issuance. We include the mean and standard deviation of firms’ share

repurchases to ensure that we can also match the net changes in firms’ outstanding shares

over time. Our estimation aims to match the levels and volatilities of the issuance and

repurchase decisions as they reflect firms’ optimal reactions to investors’ excess demand,

which is the key focus of our model. We further include firms’ average dividend payout

in our set of moments as dividends and share repurchases are substitutable ways of

redistributing cash, and matching firms’ tendency to pay dividends is important to ensure

that our model can capture this substitution. We use firms’ average leverage to pin down

the collateral pledgeability parameter, 𝜃. Lastly, we use firms’ average profitability and the

market-to-book ratio to identify the fixed operating cost parameter, 𝑓 , and the curvature

of firms’ production function, 𝛼.
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3.3. Estimation results

Table 3 shows the parameter estimates for our model. Panel A presents the calibrated

parameters, which are less model-specific, and thus we calibrate them outside of the SMM

estimation to ensure that our choices are consistent with observed data characteristics and

conventions in prior literature. Specifically, the corporate tax rate, 𝜏𝑐 , is set to 35%; the

dividend tax rate, 𝜏𝑑, is set to 15%; and the number of holdings per investor, 𝐽, is set to 1,000,

to match that an average stock in our sample has a portfolio weight of 0.0012.8 Turning to

the parameters of the SDF in Equations (17)-(18), we set 𝜂 = 0.98 to approximate an average

risk-free rate of 2%, and we calibrate 𝛾0 and 𝛾1 in Equation (18) to match the average annual

excess return and Sharpe ratio of the market portfolio. The annual autocorrelation and

standard deviation of aggregate productivity shocks, 𝜌𝑎 and 𝜎𝑎 , are set to 0.815 and 0.014,

respectively, corresponding to the quarterly values of 0.950 and 0.007, as in Cooley and

Prescott (1995). The standard deviation of exposure to aggregate shocks, 𝜎𝜁, is calibrated

to match dispersion in expected stock returns.

In Panel B of Table 3, we report the structural model parameters that we estimate by

matching the coefficients and the moments of residuals in the demand auxiliary Equa-

tion (21). Our estimated 𝛽𝑚𝑒 implies that investors tend to exhibit fairly inelastic demand.

In many traditional macro-finance models, investor demand curves are virtually flat, im-

plying highly elastic demand. However, elasticity estimates in recent literature typically

fall within the range of 0.3 to 1.6 for individual stocks, as noted by Gabaix and Koĳen

(2021). Our model, which leverages granular investor portfolio data, is consistent with

these elasticity estimates in the literature. The estimated inelastic demand implies that our

model can generate sizable price impacts without excessively volatile 𝜖. Our estimated

𝜎𝜖 is 0.0913, which is comparable to the volatility in firms-level idiosyncratic productivity

shocks. By leveraging the strengths of the Koĳen and Yogo (2019)’s demand estimation

8Following Koĳen and Yogo (2019), in the data, we pool all investors with fewer than 1000 stock holdings
in a quarter by their size and institution type to estimate their demand coefficients.
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approach, our model produces plausible estimates for investor demand characteristics,

making it well-suited for quantifying the associated misallocative effects.

Our estimation results also suggest that investors’ demand loads positively on mar-

ket and book equity, profitability, and dividend yield. The loading on investment is

statistically indistinguishable from zero, which suggests that the positive OLS coefficient

estimated from the auxiliary equation is likely to reflect the endogenous interaction among

demand and firm policies.

In Panel C, we report the parameters that we estimate for the firm-side model. For

example, the curvature of the production function is close to two-thirds, physical capital

depreciates at a rate of approximately 16% per year, and firms can collateralize about

80% of their assets. These estimates are largely consistent with those documented in

the literature (see, e.g., Nikolov, Schmid, and Steri, 2021). Interestingly, we find that the

persistence and standard deviation of firms’ latent investor demand, 0.7317 and 0.0913,

respectively, are comparable in magnitude to those of the productivity shock process,

0.8561 and 0.0861, suggesting sizeable opportunities for firms to profit from their issuance

and repurchase decisions in the financial market.

Table 4 presents the moment conditions used in our SMM estimation. The first eight

moment conditions involve the regression coefficients and the residuals from the auxil-

iary demand equation in (21), and the remaining 12 moment conditions correspond to

characteristics of firms’ balance-sheet variables. We find that all the simulated moments

stay reasonably close to their real data counterparts. The close fit of the model is not

mechanical, given that we have an over-identified system with more moment conditions

than parameters.

3.4. Model Validation

To further validate our model, we proceed to investigate moments that we do not

directly target in our estimation. First, we examine the connection between investors’
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excess demand and the decisions for firms to issue shares and invest. This connection un-

derscores our key model mechanism—firms respond to fluctuations in investor demand

by engaging in equity market transactions. The effect can either crowd out real invest-

ments or support their financing, depending on the realized demand shocks. Empirical

investigation of this connection requires us to construct a measure for investors’ excess

demand at the firm level. To that end, we first infer the implied excess demand for each

investor-firm-quarter such that the model-predicted portfolio weight as per Equation (12),

based on the observed firm attributes and our demand estimates from Table 3, matches

the actual portfolio weight we observe for each stock within the investor’s portfolio in

the data. Next, we compute the investor AUM-weighted excess demand for every firm

quarter. We report the empirical relation between firm policies and the measured excess

demand in column (1) of Panel A in Table 5, and our model counterpart in column (2).

Our findings indicate a strong positive correlation between excess demand and the

decisions of firms regarding equity issuance and investments, both in the actual data

and within our model’s simulation. In terms of magnitude, our model simulated results

closely match that in the actual data, suggesting that a one standard deviation increase

in the excess demand is associated with 2.54 percentage points higher investments. This

represents a 15.7% increase based on the model-predicted mean investment rate of 16.11%.

A one standard deviation increase in excess demand is also associated with 1.15 percentage

points higher equity issuance, which corresponds to a 53.2% increase given the model-

predicted mean equity issuance of 2.16%.

Having validated the connection between excess demand and firm policies, next, we

examine firms’ policy function with respect to other state variables, which can be summa-

rized into a triplet, {𝐾, 𝐶, 𝑧}. We can directly measure firms’ stocks of physical assets and

net leverage (or cash holdings if positive) in both the simulated model and data, while

the idiosyncratic productivity is, by nature, unobservable. Following Bazdresch, Kahn,

and Whited (2018), we focus on observable transformations of this unobserved variable.
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We use firms’ begin-of-period market-to-book ratio, which sharply reflects productivity

shocks realized at the firm level. Following these univariate regressions, we further ex-

amine the connection between firm investment and issuance decisions, conditional on

the observable firm attributes that capture their begin-of-period economic states. This

result closely reflects firms’ joint optimization over different policy variables in the model,

conditional on its begin-of-period economic states. The results are reported in Table 5,

in which column (1) corresponds to the policy-based moments calculated from the actual

data, and column (2) corresponds to the model-predicted moments. Similar to Bazdresch,

Kahn, and Whited (2018), we first transform the raw variables into quartiles based on

their ranking within a given year. We then calculate the regression coefficients using the

quartile variables as inputs.

The results presented in Panel B of Table 5 demonstrate that our model can also closely

match the relation among observed firm policies, both qualitatively and quantitatively. In

particular, the regression coefficients reported in columns (1) and (2) have the same signs

and are of comparable magnitudes. Using Monte Carlo simulations, Bazdresch, Kahn,

and Whited (2018) show that benchmarks based on firms’ policy functions are powerful

in detecting model mis-specifications. The close match on the untargeted moments hence

further validates that our model realistically captures key aspects in firms’ decision-

making process.

To further emphasize the importance of the investor-firm interface, we compare the

predictions of the baseline model with those of a counterfactual case where we eliminate

the effect of investors’ excess demand on firms’ policies by setting log 𝜖 to zero. We report

the resulting regression coefficients of firm policies in column (3) of Panel B. The results

show that the overall fit of the policy-based moments deteriorates notably. Specifically,

the counterfactual model cannot match the comovements of equity issuance and firms’

economic states. In the baseline model, firms can time the market, as reflected by the

positive relation between equity issuance and excess demand in Panel A. Such issuance
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decisions provide liquidity for firms and facilitate their investments. The effect manifests

in the positive correlation between investment and excess demand and the positive con-

ditional correlation between investment and equity issuance, which is consistent with our

observation in the data. These correlations would disappear once we turn off the excess

demand. Furthermore, the realized excess demand also influences firms’ market-to-book

ratio. A positive demand shock not only temporarily boosts the firm’s market price but

also indicates opportunities for the firm to profit from issuance decisions, creating value

in the long term. On the contrary, a negative demand shock implies profitable share

repurchase opportunities, but the impact on market price can be disguised by the price-

dampening effect of the realized negative 𝜖. Our model predicts that investors’ excess

demand exhibits, overall, a positive relation with firms’ market-to-book ratio, thus con-

tributing to its stronger comovement with firm investment in the baseline model relative

to the counterfactual simulation.

Finally, as a further external validity test of the model, we perform a separate back-

of-the-envelope check by comparing the model-implied misvaluation at seasoned equity

offerings (SEOs) with the empirical evidence documented in the literature. Loughran and

Ritter (2000) note that firms undertaking SEOs experience a three-year abnormal return

of −22%. By tracking the five-year stock performance post-issuance, Loughran and Ritter

(1995) conclude that SEO firms issue at an average overvaluation of 30%. In our model

simulation, firms that issue equity face an average mis-pricing, as defined in Equation

(19), of 23%. The magnitude aligns very closely with the findings from prior studies. The

success of our model in capturing realistic mispricing can be attributed to its inelastic

investor demand estimate, which can generate sizeable price impacts without the need

for extreme swings in excess demand. Additionally, as reported in Table 4, our model

also closely matches the share of new issuance and stock repurchases. Taken together,

these results suggest that our model can generate realistic profit opportunities for firms’

controlling shareholders who can time the market.
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3.5. Comparison with Koĳen and Yogo’s (2019) IV approach

In this section, we discuss the implications of our estimated investor demand param-

eters and compare them with the estimates from prior literature based on alternative

approaches. We begin by showing that the investor-firm feedback interface is operating

in our model. Specifically, we compare the deep structural parameter estimates for the

investor demand system,
{
𝜷, 𝜌𝜖 , 𝜎𝜖

}
, with the regression coefficients, the autocorrelation,

and the standard deviation of residuals in auxiliary Equation (21).

Columns (1) and (2) of Table 6 present these results. In principle, if latent demand

is orthogonal to all firm characteristics, then the two sets of parameter estimates should

be equal. This would be true if the observed firm characteristics, including log market

equity, were exogenous. As illustrated in Figure 2, however, firms’ optimal policies in

a given period depend on investors’ latent excess demand. This endogeneity that arises

from the interaction between investor demand and firm policies creates a wedge between

the structural parameters and the regression coefficients from the auxiliary equation, as

demonstrated by comparing the results reported in columns (1) and (2) of Table 6.

We also compare our results with estimates obtained using an alternative instrumental

variable (IV) approach, as described in Koĳen and Yogo (2019). Their approach addresses

the endogenous determination of market-clearing prices by exploiting variation in the

investment universe and assets under management across investors. Following Koĳen and

Yogo (2019), we first construct counterfactual market equity for each firm, assuming that all

investors hold equal-weighted portfolios in their investment universes. We then estimate

the demand parameters of the firm-level characteristics, 𝜷, using the counterfactual market

equity, which is orthogonal to the realized shocks to investor demand, as an instrument

for the firms’ market-clearing equity valuation.

Koĳen and Yogo’s (2019) IV approach and our indirect inference method both aim to

address the endogeneity of latent demand and market prices. Koĳen and Yogo (2019)
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correct the bias arising from endogeneity by isolating changes along the demand curve to

trace the slope of investor demand. Our approach incorporates firms’ endogenous supply

of shares into the model, resulting in the endogenous determination of market-clearing

prices through supply and demand forces in both the simulated data from the model

and the actual data. In this way, we ensure that the mapping between the simulated

and actual data is consistent, thereby enabling us to back out the underlying structural

demand parameters.

The demand parameter estimates presented in Table 6 demonstrate that, despite the

methodological differences between our approach and that used by Koĳen and Yogo

(2019), both methods correct the bias in investor demand to price in the same direction—

the estimates of 𝛽𝑚𝑒 obtained by the two approaches (columns 2 and 3) are substantially

lower than the OLS coefficient estimate directly obtained from the auxiliary equation

(column 1). Both approaches also recover larger estimates for 𝛽𝑏𝑒 than the regression

coefficient estimated from the auxiliary equation.

Despite the above-mentioned similarities, there are some important differences be-

tween our approach and that of Koĳen and Yogo (2019). On the one hand, our method can

account for the endogenous determination of market equity and other firm characteristics

in the investor demand system. As illustrated in Figure 2, investor demand will likely

influence firms’ investments and profits, creating further wedges between the measured

regression coefficients and the structural demand parameters. On the other hand, our

model abstracts from some heterogeneity in the data. We discuss ways to purge unob-

served firm heterogeneity when constructing balance sheet moments for firms in Internet

Appendix B.3. In Internet Appendix D, we further perform subsample estimation on

firms with varying debt financing capacities, which, in our model, corresponds to their

ability to pledge collaterals. This exercise alleviates the concern that such heterogeneity

in debt financing can mask firms’ responses to changes in demand from equity investors.

The results in Table E.3 demonstrate that our approach can effectively identify variations
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in the parameters that govern firms’ operational and financing choices. Additionally, it

corrects significant endogeneity bias in the investor demand estimates, and the magnitude

and direction of such bias correction are comparable to those reported in Table 6.

Another concern arises when two firms closely held by the same investor can experience

correlated demand shocks, introducing another source of endogeneity between investor

demand and the observed equilibrium price. However, incorporating such cross-price

impacts can present a significant computational challenge when solving for equilibrium

prices. Koĳen and Yogo (2019) simplify the issue by focusing on the diagonal terms of

the price impact matrix when computing equilibrium prices in the model. This approach

helps reduce dimensionality and maintain tractability. We have adopted their approach.

Similar to Koĳen and Yogo (2019), we find that the off-diagonal terms are typically small

and, therefore, tend to have a limited price impact.

Finally, in Section 7, we perform a robustness check to measure the impact of investors’

excess demand using the coefficient reported in column (3) of Table 6. Our results reveal

an even stronger misallocation effect than what our baseline estimates suggest, which is

not surprising given that Koĳen and Yogo’s (2019) approach yields more volatile excess

demand and a larger impact from investor demand on equilibrium prices (Equation 13).

4. Investor Demand and Firm Policies

In this section, we quantify the impact of investor demand on firm policies. To this end,

we begin by illustrating the model mechanisms. Then, using the parameter estimates from

our model, we investigate how fluctuations in latent demand can influence the sources

and uses of funds in firms. Finally, we consider changes in a firm’s investor composition,

with a particular focus on passive and “meme” stock investors, and gauge the degree to

which such changes would affect the firm’s decisions to issue equity shares, retain cash,

and, ultimately, the return on its real investments.
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4.1. Firm policies and valuations

We first verify, in Figure 1, that there exists a monotonic relationship between investor

demand and the price impact on a firm’s stock. The price impact represents the pre-

mium/discount in market prices over intrinsic values that arises from investors’ demand

and firms’ issuance decisions. Thus, stocks that experience positive excess demand shocks

trade at higher prices than their fundamental values, facilitating firms to issue additional

equity shares, while firms that face negative demand experience price discounts.

Next, we examine how price impacts induced by latent excess demand affect a firm’s

intrinsic value, as defined in Bellman Equation (16), and its optimal investment and

financing policies. Panel A of Figure 2 illustrates that the intrinsic value is U-shaped with

respect to excess demand, suggesting that large excess demand, regardless of its sign,

is beneficial from the firm’s perspective. Specifically, when there is large and negative

excess demand, a firm can make share repurchase decisions at favorable prices. As log 𝜖

approaches zero, the benefit of repurchase transactions gradually diminishes. When log 𝜖

further increases and becomes positive, the firm has an incentive to “time the market”

by issuing more shares instead of making repurchases. The firm’s optimal issuance and

stock repurchase decisions (i.e., net issuance decisions) are shown in Panel B of Figure 2,

which are consistent with the intuition outlined above.

Excess demand can also have an impact on a firm’s cash holdings. Panel C of Figure 2

shows a positive monotonic relationship between cash holdings and latent excess demand.

When excess demand is positive, firms issue more equity as they seek to benefit from

positive price impacts, resulting in higher cash holdings from the proceeds of equity

issuance. When excess demand is negative, firms turn to internal cash savings instead

of costly external financing to fund their investments. Moreover, firms engage in share

repurchases to take advantage of negative excess demand, leading to a further decrease

in cash holdings.
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Panel D of Figure 2 shows a positive and monotonic relationship between excess de-

mand and firm investment. Negative excess demand induces firms to cut investments and

compromise investment efficiency to capitalize on profitable financial transactions in the

equity market. As excess demand increases to become more positive, there is no longer

competition for the use of funds between share repurchases and capital investments.

Firms can benefit from more relaxed financial conditions by making more investments.

Thus, investor demand influences not only the financial policies of firms but also their

real investments. The effect can contribute to wider variations in returns on investments

across firms.

4.2. Financial constraints and flows of funds

Expanding on the model implications as depicted in Figure 2, we now investigate how

capital flows originating from investor demand help ease (or worsen) financial constraints

by examining its impact on firms’ sources and uses of funds.

Table 7 reports the sources and uses of funds for two-by-two subgroups of simulated

firms, split by their latent demand 𝜖 and the level of financial constraints in the current

period. The sources and uses of funds are calculated for each firm as the shares of their

relative contributions to the total funds, and we compute the average values for each

subgroup using the simulated data. Firms are categorized as financially constrained if

their dividend-to-asset ratios fall below the median. This dividend-based measure is

widely used in the empirical literature (e.g., DeAngelo and DeAngelo, 1990; Moyen, 2004)

and has the advantage of being directly computable for our simulated firms. In our model,

unconstrained firms face a low opportunity cost of retaining a marginal dollar and are

thus more willing to pay dividends. This strong association between firms’ dividend

payments and financial constraints is an important feature in a broad class of dynamic

investment models, including that in Hennessy and Whited (2005).
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We observe several interesting findings in Table 7. First, we confirm that low latent

demand (low 𝜖) incentivizes firms to repurchase shares while high 𝜖 encourages equity

issuance. In our simulations for constrained firms (columns 2 and 3), for example, share

repurchases represent 11% of the uses of funds for low 𝜖 firms, and equity issuance

contributes to 12.4% of the source among high 𝜖 firms. Similar patterns are also shared

by unconstrained firms (columns 4 and 5).

Second, we find that the incentives to engage in financial transactions can crowd out

investments, particularly among financially constrained firms. As can be seen in columns

(2) and (3), in which we report results for financially constrained firms, low 𝜖 firms

allocate only 35.5% of their funds to investments, while high 𝜖 firms allocate 40.6%. These

constrained firms not only face lower cash flows but also allocate a smaller fraction of

the cash flows to investments. The fraction of funds allocated to investments, however,

does not increase with 𝜖 among financially unconstrained firms, whose investments tend

to stay around the optimal level. Instead, they use higher cash flows from equity market

transactions for dividends and cash retention. As a result, optimal investment accounts

for a smaller fraction of the unconstrained firms’ cash-flow base.

Finally, it is worth noting that latent demand not only interacts with firms’ financial

constraints in the current period but can also impact the level of constraints in future

periods. This effect operates mainly through firms’ cash-savings decisions. Low 𝜖 firms

tend to draw down their cash reserves more aggressively, while high 𝜖 firms can issue

more equity and use the proceeds to replenish their cash pools. Consequently, financially

constrained, low 𝜖 firms are likely to remain constrained for an extended period of time

due to their investment and cash management strategies. In contrast, high 𝜖 firms are

likely to alleviate financial constraints more quickly by increasing cash savings.
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4.3. The effects of changing investor clientele

In this section, we further quantify the impact of investor demand by exploring changes

in a firm’s investor clientele. Understanding the quantitative implications of these changes

is important, considering the increasing market share of passive investors compared with

active investors and the surge in retail trading. To this end, we utilize our estimated model

as a laboratory and perform two sets of counterfactual analyses. These analyses allow us

to gauge the effects on market valuations, firms’ investments and financing, and returns

on their real investments.

Our first exercise aims to investigate the impact of changes in investor clientele char-

acterized by a surge in investor demand that is unrelated to the fundamentals of firms.

This exercise is particularly relevant in light of the “meme stock” frenzy of 2021, which

created profits and financing opportunities for these firms. To capture the effect of such

investor demand, we first compute the average realized 𝜖 faced by the meme stocks from

Equation (10), using the actual investor holdings data in 2021 and the estimated demand

parameters reported in Table 3.9 The meme stocks have an average 𝜖 of 1.97 (around 5

standard deviations above the sample mean), which is consistent with our prior that these

stocks are held by overly optimistic investors with excessively high demand regardless of

these firms’ fundamentals. Next, we randomly select a subsample of firms in our simu-

lated economy and counterfactually change their investor clientele by replacing a fraction

𝑋 of their existing investors with those who invest in meme stocks with 𝜖 of 1.97, as

previously noted. In this counterfactual analysis, we keep all other aspects of the firms

unchanged, especially their productivity. This setting allows us to attribute any resulting

variations in firm characteristics to changes in investor clientele. We explore a range of

values for 𝑋 from 10% to 90% and assess the impact of these changes in investor clientele

on observed firm policies.

9We specifically use GameStop, AMC, Bed, Bath & Beyond, National Beverage, Koss, and Tesla in this
calculation.
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The results of this exercise, reported in Panel A of Table 8, suggest that, first, firms with

a high presence of meme-stock investors experience elevated share prices, which can grow

by nearly 200% compared with the baseline firms that experience no changes in investor

clientele. Second, and intuitively, high stock prices incentivize these firms to issue more

shares and accumulate substantially higher cash buffers. Third, the increased available

cash facilitates investments by those firms. Firms with 90% meme stock investors make

41.5% (= 0.2293/0.1621 − 1) more investments than baseline firms. On the one hand, the

influx of equity financing relaxes the financial constraints these firms face, enabling them

to undertake profitable investments that they may have been unable to pursue otherwise.

On the other hand, managers may view the sentiment-driven equity capital provided by

meme stock investors as a heavily subsidized source of funding, which could lead them to

invest in projects with low marginal returns.10 Consistent with the latter mechanism, we

calculate the average MPK among firms with the highest presence of meme stock investors

to be 0.162, which decreases by 14.5% (= 1− 0.1622/0.1897) from that of the baseline firms

and also lies below the sum of the capital depreciation rate and firms’ discount rate.

Our second analysis pertains to the role of passive investors. Unlike meme-stock

investors, whose portfolio choices are highly sentiment-driven, these passive investors

follow representative benchmarks without idiosyncratic demand for stocks. Therefore,

their log 𝜖 is always zero, and we assume that these investors have 𝛽 of one on market

equity and zero on all other characteristics, mimicking an index-fund investor whose

portfolio weights depend only on market equity. Similar to our previous analysis, we

randomly select a subsample of firms from our simulated economy and counterfactually

change the investor clientele by replacing a fraction 𝑋 of investors in those firms with

passive investors. The results are reported in Panel B of Table 8.

10For example, after strategically issuing shares at inflated prices in 2021, AMC raised nearly $2 billion,
and a substantial fraction of those funds was invested in shareholder perks (including free popcorn), theater
upgrades, new cinema leases, etc. Source: https://www.cnbc.com/2021/08/10/amc-ceo-adam-aron-says-
theater-chain-is-going-on-offense.html.
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Our results indicate that firms with a high percentage of passive investors tend to have

lower market capitalization. This is because these firms have fewer opportunities to time

the market and profit from financial market transactions. We find that the capitalized

value for such losses can exceed one-third of the firms’ market capitalization when the

fraction of passive investors increases to 90%. In addition, these firms hold much less

cash because their precautionary saving motives are weaker. These firms also invest 14%

(= 1 − 0.1394/0.1621) less than the baseline firms with no investor clientele changes, and

their MPK increases by 4.6% (= 0.1985/0.1897−1). Note that these impacts of the increased

presence of passive investors on firms’ investment are quantitatively smaller than their

impact on firms’ valuation. This result is consistent with the findings in Warusawitharana

and Whited (2016).

5. Investor Demand and Capital Misallocation

Our previous results suggest that fluctuations in investor demand can have a substan-

tial impact on firms’ optimal policies and investment returns. Naturally, one might wonder

how these effects aggregate across firms and whether they can enhance or impair the effi-

ciency of capital allocation in the economy. In this section, we address these questions by

first demonstrating that the effects of investor demand are not simply washed out in aggre-

gate. Instead, they play a significant role in shaping the distribution of firm investments

and cash holdings in the economy. We then quantify the impact of investor demand on

capital misallocation and compare its magnitude with that of other misallocation factors

emphasized in the prior literature.

5.1. Cash holdings and firm size distributions

Using counterfactual exercises, we first examine how the distribution of firm size and

cash holdings would vary when switching the excess demand channel on and off. In

a static setting, the presence of excess demand can generate two opposing effects on
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firms’ liquidity reserves and investments. On the one hand, high excess demand can ease

firms’ financial constraints essentially by making equity financing cheaper, facilitating

cash accumulation and investment. On the other hand, low excess demand worsens firms’

financial constraints by creating conflicting incentives—firms would want to use cash to

buy back shares and optimally time the market, thus driving out physical investments

and cash retention. As a result, excess demand shocks would introduce another source of

variation in firm-level policies and contribute to a wider cross-sectional dispersion.

In a dynamic setting, investor demand influences firm policies through two additional

channels: the retained profits from past financial transactions and the decisions on pre-

cautionary savings to facilitate future transactions. Taking firms’ precautionary savings

incentives as given, fluctuations in investor demand allow firms to capitalize on their

financial transactions, leading to increased profits and thicker cash buffers. Furthermore,

firms’ precautionary savings incentives can be strengthened when they anticipate future

fluctuations in investor demand. In particular, firms may want to retain larger shares of

cash flows to ensure sufficient liquidity is available to repurchase shares in the presence

of negative demand shocks. If negative investor demand shocks do not materialize, firms

can also use the increased cash savings to finance investments.

Figure 3 illustrates how the abovementioned effects of excess demand on individual

firm policies can aggregate and shape the cross-sectional distribution of firms’ capital and

cash holdings. The top panel in Figure 3 shows that, compared with a counterfactual case

absent of excess demand, firms in the baseline model facing time-varying excess demand

tend to choose to hold a higher fraction of their assets in cash. High cash holdings provide

firms with ample funds to expand their operations when growth opportunities arise. The

materialization of growth opportunities, in turn, creates more cash flows, allowing firms

to benefit further from financial transactions as additional excess demand shocks arrive.

The bottom panel in Figure 3 depicts how this feedback loop also leads to a heavier

right tail in the firm-size distribution in the benchmark economy. Intuitively, investors’
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inelastic demand with a substantial 𝜖 component allows firms to have market power in

the financial market, creating an opportunity for them to profit and grow through equity

market transactions. This financial market power is reflected in the demand function

for firms’ equity capital as characterized by Equation (12), which is similar to that in an

oligopolistic differentiated product market (e.g., Berry, Levinsohn, and Pakes, 1995). We

find that financial market power significantly contributes to firms’ cash stockpiling and,

to a certain extent, the emergence of superstar firms. Our results are consistent with the

theoretical predictions in Neuhann and Sockin (2023)11 and complement prior studies

that focus primarily on the role of product market power in explaining changes in firm

composition (e.g., Lyandres and Palazzo, 2016; Akcigit and Ates, 2019, 2021; Autor, Dorn,

Katz, Patterson, and Van Reenen, 2020; Begenau and Palazzo, 2021).

5.2. Measuring capital misallocation

Using the equilibrium distribution of firms based on our model simulation, we next

examine how the presence of investor excess demand affects the allocation of capital across

firms. We focus on two measures: the variance of MPK and the TFP loss, both of which

aim to capture the degree of capital allocation inefficiency for a cross section of firms in

a given time period. We therefore drop the time subscript when describing these cross-

sectional measures. We then calculate the time-series average of the measures to gauge

the overall capital allocation efficiency for a model economy.

Consider a model economy populated by heterogeneous firms with production func-

tion 𝑌𝑛 = 𝑎𝜁𝑛 𝑧𝑛𝐾
𝛼
𝑛 . From the definition of MPK, we have:

𝐾𝑛 =

(
MPK𝑛

𝛼𝑎𝜁𝑛 𝑧𝑛

) 1
𝛼−1

. (22)

We sum over 𝐾𝑛 and 𝑌𝑛 across firms to define the aggregate capital and output, 𝐾 and

𝑌, respectively. With these quantities defined, we can calculate the aggregate TFP in our

11Neuhann and Sockin (2023) develop a complete-market theoretical model, which predicts that financial
market concentration can lead to limited risk-sharing and increased corporate cash holdings.

36



baseline model as:

TFP =
𝑌

𝐾𝛼 =

∫
𝑛
𝑎𝜁𝑛 𝑧𝑛

(
MPK𝑛

𝛼𝑎𝜁𝑛 𝑧𝑛

) 𝛼
𝛼−1
𝑑𝑛[∫

𝑛

(
MPK𝑛

𝛼𝑎𝜁𝑛 𝑧𝑛

) 1
𝛼−1
𝑑𝑛

]𝛼 . (23)

In an efficient allocation without aggregate risk, capital can flow freely to its most

productive use without any friction, maximizing static production. In this case, the MPK

is equalized across firms. Denote the aggregate TFP in efficient allocations as TFP𝑒 . We

can define TFP loss as the difference between aggregate TFP in efficient allocations and

the baseline model:

TFP𝑙𝑜𝑠𝑠 = log (TFP𝑒) − log (TFP) . (24)

Hsieh and Klenow (2009) show that when 𝑧𝑛 and MPK𝑛 are jointly log-normally dis-

tributed with zero correlations, TFP𝑙𝑜𝑠𝑠 will be linear in var
(
log MPK𝑛

)
, implying that

TFP loss depends only on the dispersion of MPK. However, when 𝑧 and MPK are corre-

lated, distortion in MPK among large and small firms will have different implications for

TFP losses. In such cases, the variance of MPK might not be a sufficient statistic for capital

misallocation. Therefore, we employ both measures—the variance of MPK and the TFP

loss—to gauge firms’ aggregate investment efficiency and the degree of misallocation.

In Table 9, we present results indicating how investment efficiency measures change

with investors’ excess demand. In panel A, we counterfactually vary excess demand by

setting log 𝜖 to 50% of the baseline value or zero, while holding all other parameters

fixed at the estimated baseline values. Our results in row (1) of panel A suggest that

shutting down investors’ excess demand increases the average MPK in the economy by

10.08%. This finding is consistent with our prior result that excess demand leads to

stronger precautionary savings and can relax firms’ financial constraints. Hence, on

average, firms can invest more, and their MPK decreases. Results reported in rows (2)

and (3) of Panel A suggest that excess demand also plays a significant role in exacerbating
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capital misallocation across firms. When we counterfactually set investors’ excess demand

to zero at all times, the dispersion of firms’ MPK becomes 23.82% less than that of the

baseline model, and the TFP loss also declines by 22.30%. These findings indicate that

investors’ excess demand imposes another friction on the efficient allocation of capital

across firms. It provides firms with profit opportunities through financial transactions,

which can create a conflicting incentive regarding how firms, especially the financially

constrained ones, allocate their resources.

The results in Panel A are based on the assumption that all other parameters, including

the relationship between investor demand and firm characteristics, are held fixed at the

baseline estimates. In Panels B and C, we examine how the results differ if we also allow

investors’ demand parameters 𝜷 to vary. In particular, we consider cases where investors’

𝜷 is a convex combination of the estimated values in the baseline model and those of

passive investors, whose demand depends only on market equity (i.e., 𝛽𝑚𝑒 = 1) and not

on other firm characteristics (𝛽𝑘 = 0 for 𝑘 ≠ 𝑚𝑒). This exercise is particularly relevant

given the increased presence of passive investors in the market. Our results in Panels B

and C of Table 9 indicate that when investors’ 𝜷 become more closely aligned with that of

passive investors, excess demand triggers an even more substantial misallocation effect. In

Panel C, for example, the dispersion of MPK and the TFP loss are 56.5% and 48.5% lower,

respectively, in the counterfactual economy without excess demand. Intuitively, holding

all else constant, when 𝛽𝑚𝑒 is closer to one, any excess demand translates into a larger

price impact (as shown in Equation 13), thus providing firms with greater opportunities

to profit from the price deviation. As a result, the misallocation effect is amplified.

Our results in Table 9 also offer a more nuanced view regarding how the increased

presence of passive investors would influence the efficiency of capital allocation. Our

analysis identifies two opposing effects of passive investing on capital allocation, which

operate through 𝜷 and 𝜖. On the one hand, increased passive investing with inelastic

demand (i.e., 𝛽𝑚𝑒 close to one) implies that given fluctuations in excess demand (𝜖) will
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translate into more significant deviations in equilibrium prices, which may take longer to

converge, resulting in large dispersion in firms’ real investment returns. On the other hand,

passive investors’ portfolio decisions are more likely to be shaped by firms’ fundamental

characteristics, which leads to smaller variations in 𝜖 and reduced misallocation effects.

Our results show that this latter effect is substantial. Compared with the baseline case

(Panel A with log 𝜖 = baseline), for example, we find that the MPK dispersion and the TFP

loss are lower when 90% of investors are passive (Panel C with log 𝜖 = 0).

5.3. Comparison with other sources of misallocation

How significant are the effects of excess demand on capital misallocation compared

with those of other financial and real frictions previously studied in the literature? To

answer this question, we consider three such distortions: (1) the debt market frictions, (2)

the real investment frictions, and (3) time-varying heterogeneous risk premia. To quantify

the relative importance of each source, we perform three additional sets of counterfactual

exercises by eliminating these frictions from our model one at a time. We then compare

the resulting misallocation effects with those from investors’ excess demand, which we

calculate in Section 5.2 and reproduce below in Panel A of Table 10.

In Panel B of Table 10, we conduct the first counterfactual exercise where we shut down

debt market frictions by setting collateral constraint parameter 𝜃 to one, allowing firms to

borrow up to 100% of their physical capital. The results provided in Panel B show that

removing debt market frictions reduces the variance of MPK by 4.11% and the TFP losses

by 4.03%. The impact of debt market frictions on capital misallocation is much smaller

than that of investor excess demand. The relatively limited impact of collateral constraint

we find is consistent with results reported in prior studies (see, e.g., Midrigan and Xu, 2014;

Moll, 2014). Our model shares the same mechanism with those studies, wherein firms

can save to alleviate the impact of collateral constraints. One unique feature of our model

is that firms have heterogeneous capacities to accumulate savings due to their investors’
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demand shocks. For example, it is more challenging for firms that experience negative

investor demand shocks to accumulate savings, and thus their investments are more

heavily influenced by collateral constraints. Quantitatively, our counterfactual exercises

show larger impacts of collateral constraints on capital misallocation, compared with

those in Midrigan and Xu (2014) and Moll (2014), where the amplified effect of collateral

constraints arises from their interaction with investor demand shocks.

Panel C of Table 10 reports the results of a counterfactual exercise where we remove real

investment frictions by setting the capital adjustment cost parameter to zero. Removing

capital adjustment costs reduces the variance of MPK by 7.35% and the TFP losses by

10.47%, respectively, which are significant, but nonetheless smaller in magnitude relative

to the impacts from investors’ excess demand shocks. These results resonate with the

findings in David and Venkateswaran (2019) insofar as technological frictions, including

adjustment costs, account for a limited share of the observed misallocation.

Panel D of Table 10 corresponds to a counterfactual exercise wherein we eliminate

firms’ exposure to the aggregate risk. According to David, Schmid, and Zeke (2022),

firms’ heterogeneous exposure to time-varying aggregate risk is a key determinant of

MPK, explaining around 25% of its dispersion. Our results in Panel D are in line with

their finding. Compared with the baseline case, the variance of MPK and the TFP loss

fall by 14.85% and 14.48%, respectively. Quantitatively, these effects are smaller than

those reported in David, Schmid, and Zeke (2022) since we explicitly model investors’

heterogeneous demand for firms’ equity based on their characteristics, including market

beta. Therefore, the effect of heterogeneous risk exposure can be partially absorbed by the

demand system. Based on the results in Panel D and those from David, Schmid, and Zeke

(2022) as benchmarks, we conclude that the misallocation effect resulting from variations in

investor demand is comparable to that from firms’ heterogeneous risk exposure. Overall,

our findings indicate that fluctuations in investor demand can create significant barriers

to efficient capital flows, leading to a sizeable misallocation effect.
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6. Heterogeneous Effects of Excess Demand

Our baseline model reveals significant real effects of investor demand, both at the level

of individual firms and within the broader economy. In this section, we explore the het-

erogeneity in excess demand. First, we delve into the potential sources that explain the

variation in excess demand. Consistent with Koĳen and Yogo (2019), who argues that “av-

erage latent demand for an asset across investors, weighted by assets under management,

could be constructed as an asset-level measure of sentiment,” we present evidence that the

estimated investors’ excess demand, based on our model framework, is likely to stem from

their sentiment fluctuations not accounted for by the firm’s underlying fundamentals. We

then perform subsample estimations to trace the extent to which the real impact of excess

demand can vary across firms.

6.1. Sources of excess demand

To shed light on the potential drivers of the variation in excess demand, we start

our analysis by relating it to a multitude of well-established asset pricing factors. We

consider 203 of these factors identified by Chen and Zimmermann (2022) and group

them into two primary classifications: fundamental and non-fundamental. Fundamental

factors are derived from firm-level accounting data, reflecting the company’s core business

activities and financial well-being.12 This class encompasses signals such as accruals, asset

growth, firm age, governance index, inventory growth, returns on assets, etc., totaling

102 distinct factors. Non-fundamental factors, on the other hand, do not stem directly

from these intrinsic financial indicators. Instead, to a greater extent, they tend to reflect

human behavior and psychological tendencies that pervade the investment world. We

12Chen and Zimmermann (2022) classify the asset pricing predictors they study into eight categories:
13F, accounting, analyst, event, options, price, trading, and other. We start by labeling signals classified
under the “accounting” category as fundamental. Subsequently, we review predictors from other categories
and incorporate signals such as firm age, governance, employment growth, etc. The fundamental factors in
our study reflect the application of fundamental analysis in accounting. See Richardson, Tuna, and Wysocki
(2010) for a review of accounting anomalies and fundamental analysis.
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identify non-fundamental factors as the universe of Chen and Zimmermann’s factors,

excluding those we previously classified as fundamental. Our classification yields 101

non-fundamental factors.

For the dependent variable in our regression, we estimate the model-based excess

demand for each investor-firm-quarter following the same steps outlined in Table 5. We

infer the implied excess demand by ensuring that the portfolio weight predicted by the

model in Equation (12) (based on observed firm attributes and our demand estimates from

Table 3) matches the actual portfolio weight observed for each stock within each investor’s

portfolio in the data. Next, we compute the investor AUM-weighted excess demand for

every firm quarter.

Given the abundance of potential predictors and their substantial correlations, we

utilize a least absolute shrinkage and selection operator (LASSO) regression to address

potential multicollinearity and overfitting and help with factor selection. After the LASSO

shrinkage, we are left with 69 non-fundamental factors, which include signals such as

analyst EPS forecast,13 maximum daily return over month, option to stock volume, days

with zero trades, short interest, etc. These non-fundamental factors collectively account

for a significant 62.1% of the variation in our estimated 𝜖. Further incorporating 87

fundamental factors after shrinkage only elevates the within adjusted R-squared of the

LASSO regression moderately to 72.7%. Our results suggest that the non-fundamental

factors have an explanatory power of 85.3% (= 62.1/72.7%) relative to the comprehensive

set of asset pricing factors studied in Chen and Zimmermann (2022).

We further validate this result in a separate analysis in which we regress the model-

implied excess demand on the first 20 principal components (PCs) from both the non-

fundamental and fundamental factors sets. Our results indicate that the principal com-

ponents derived from the non-fundamental factors explain approximately 80.7% of the

variation in 𝜖 and are likely to play a pivotal role in influencing investors’ excess demand.

13La Porta (1996), Engelberg, McLean, and Pontiff (2018), and Kozak, Nagel, and Santosh (2018) use
analyst forecasts to proxy for expectations of sentiment investors.
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The results also help to alleviate concerns with model mis-specifications. Although we

only include a subset of firm characteristics in predicting investors’ demand in Equa-

tion (10), resorting to a more comprehensive list of fundamental characteristics does not

diminish the variations in our excess demand estimates.

While no classification method is entirely immune to interpretive elements, we ac-

knowledge the nuanced nature of the classification process. To enhance the robustness

of our analysis, we further delve into the relationship between excess demand and com-

monly used measures of investor sentiment. Our first two sentiment measures are from

RavenPack News Analytics, which collects information from major newspapers, press

releases, regulatory disclosures, government updates, and performs sentiment analysis

based on this information.14 Specifically, we use the Composite Sentiment Score (CSS)

in RavenPack to measure the sentiment associated with a specific news event. We then

calculate the firm-quarter-specific sentiment score as the average CSS for all relevant news

about the firm in each quarter. Our second measure, Aggregate Event Volume (AEV),

also from RavenPack, is based on the number of sentiment-based events for a given firm

quarter. In addition, we include two other measures—OIB is a firm-quarter-level investor

sentiment indicator constructed following Kumar and Lee (2006) based on the buy-sell

order imbalance of retail investors using transaction data from the Trade and Quote (TAQ)

database; and ECC is a firm-quarter-level sentiment indicator constructed based on the

tones of earnings conference call transcripts, following Hassan, Hollander, Van Lent, and

Tahoun (2019). Our results, reported in Internet Appendix C, indicate that all these mea-

sures strongly predict excess demand with statistical significance at a level lower than 1%,

and they jointly explain around one third of cross-firm variations in the model-implied

excess demand. These results further corroborate that an important source of investors’

excess demand stems from their sentiments.

14The RavenPack database has been widely used in the finance and accounting literature (see, e.g.,
Dai, Parwada, and Zhang, 2015; Dang, Moshirian, and Zhang, 2015; Bushman, Williams, and Wittenberg-
Moerman 2017).
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6.2. Subsample estimation

Our previous findings imply that variations in investors’ excess demand are likely to

stem from factors unrelated to firm fundamentals. They can mirror investor sentiment, as

noted by Koĳen and Yogo (2019). In this section, we trace the heterogeneous real impact

of such variations in excess demand to study how the economic mechanism behind our

model differs across subsamples of firms.

To this end, we first split firms into subsamples based on their susceptibility to

sentiment-driven investment behaviors. We then re-estimate our model to match data

moments calculated using each subsample. The purpose of our exercise is three-fold.

First, it helps ascertain whether our estimation strategy can detect variations in demand

from different types of investors, thus serving as informal “out-of-sample” validation tests

of our model. Second, by comparing the properties of our parameter estimates across

subsamples, we gain a better understanding of the sources of excess demand shocks. In

particular, we confirm that excess demand can reflect investor sentiment by showing that

fluctuation in estimated latent demand is indeed greater in subsamples dominated by

investors whose portfolio choices are more likely to be sentiment-driven. Finally, while

our baseline estimates allow us to gauge the aggregate impact of excess demand on firms’

returns on investment, the subsample analysis demonstrates the dispersion of such effects.

One challenge associated with documenting the heterogeneous effects of excess de-

mand is that a group of firms facing more volatile excess demand can also differ along

other dimensions, such as production technology and ease of access to external financing.

If not properly controlled for, such factors could confound the measured effect of demand

shocks. Our subsample estimation addresses this concern as we re-estimate all supply-

side parameters governing the production and financing decisions of firms together with

investor demand. We then perform counterfactual analysis, which allows us to fix all
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other firm-related aspects at the estimated level specific to each subsample while isolating

the effect of excess demand on firms’ investment outcomes.

In our first subsample analysis, we split firms based on sentiment fluctuation, referred

to as “sentiment risk” by Dumas, Kurshev, and Uppal (2009). We classify a firm as subject

to high sentiment risk (“High SR”) if the time-series volatility of its composite sentiment

score is above the sample median and as subject to low sentiment risk (“Low SR”) if

the volatility is below the sample median. We perform a second subsample analysis by

splitting firms based on the share of holdings by households. Different types of investors

tend to exhibit distinct patterns in sentiment-driven demand (Koĳen and Yogo, 2019),

and the household sector is arguably the most sensitive to sentiment fluctuation. Thus,

this subsample analysis based on household holdings should be particularly informative

regarding how sentiment fluctuation triggers varying reactions among firms. Specifically,

we partition firms into deciles based on percentages of household holdings in a given

quarter. We then calculate the time-series average of a firm’s household holdings decile,

based on which we assign firms to either a high household holdings (“high HH”) group

or a low household holdings (“low HH”) group.

We re-estimate the model for the four subsamples discussed above following the same

identification strategy as described in Section 3.2. The parameter estimates are reported

in Table 11. Our results show that firms with a higher fraction of household ownership

and greater sentiment risk tend to experience significantly more volatile excess demand.

For example, the estimated 𝜎𝜖 for the “High SR” firms is 10.6% (= 0.095/0.0859− 1) larger

than that for the “Low SR” firms. We obtain an increase in 𝜎𝜖 of similar magnitude from

the “Low HH” to “High HH” group. These results confirm that our estimation can detect

significant changes in investor demand and those changes are associated with sizable

variations in sentiment.

Next, we examine how heterogeneity in investor demand across the low- and high-

sentiment subsamples influences capital allocation. On the one hand, more volatile in-
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vestor excess demand should provide firms with a greater opportunity to profit from

financial transactions, leading to a stronger crowding-out effect and greater misallocation

of capital. On the other hand, the two subsamples of firms also differ in the price impacts

that they face. In particular, the price impact estimates reported in Panel C of Table 11

demonstrate that “High SR” and “High HH” firms face a slightly lower elasticity of price

to excess demand, indicating that a given level of excess demand would boost the market

prices of these firms to a lesser extent. Furthermore, these firms face a substantially more

negative elasticity of price to equity issuance. Thus, when they time excess demand by is-

suing shares, their actions are likely to create larger price pressure, inducing market prices

to revert to the fundamental level more quickly. These price impacts for high-sentiment

firms can impose more significant restrictions on these firms’ capacity to profit from their

financial transactions and thus dampen the effect of more volatile investor demand.

To incorporate the above-mentioned channels and gauge the overall impact of investor

demand on firms’ investment efficiency, we repeat the exercise in Table 10 based on the

estimates for each subsample. We report the results in Panel D of Table 11.

The results presented in Table 11 Panel D suggest that variations in investors’ excess

demand play a dominant role in shaping the efficiency of capital allocation. The results

reported in columns (1) and (2) suggest that if all firms in the economy behave similarly

to the “high SR” subsample, then eliminating investors’ excess demand would lead to a

28.9% decrease in the dispersion of MPK and a 26.6% reduction in TFP loss. We obtain a

consistent message when we focus on firms with varying shares of household holdings—if

the economy behaves like “high HH” firms, which are also exposed to higher volatility

in excess demand, then removing excess demand would result in a 40.4% decrease in

the dispersion of MPK and a 42.9% reduction in TFP loss. These effects are much more

significant than the effects observed among “Low SR” or “low HH” firms.

Note that while investors’ excess demand reduces investment efficiency among the

“high SR” and “high HH” subsamples, it does not necessarily imply that these firms are
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worse off. In fact, they face greater opportunities to time investor demand and profit from

these financial transactions. In a separate counterfactual analysis where we change the

investor demand parameters (including {𝜷, 𝜌𝜖 , 𝜎𝜖}) faced by the “high SR” firms to equate

that of the “low SR” firms, we find their market-to-book ratio would decrease by 4.8%.

7. Robustness and Discussion

In this section, we further examine the robustness of our counterfactual experiment

results to alternative estimation strategies and model specifications. The results of the

robustness exercise are reported in Table E.2 in the Internet Appendix.

First, we consider demand parameters estimated under Koĳen and Yogo’s (2019) IV

approach, which we report in column (3) of Table 6. In this exercise, we keep the firm-side

parameter values unchanged, which are reported in Panel C of Table 3. We perform a

similar counterfactual exercise to the one reported in Panel A of Table 10, in which we shut

down excess demand from investors and measure the resulting impact on the variance

of MPK and TPF loss in the economy. Our results reveal an even stronger misallocation

effect than our baseline estimates suggest. This finding is not surprising, given that Koĳen

and Yogo’s (2019) approach yields more volatile excess demand and a larger impact of

excess demand on the equilibrium price (Equation 13).

Next, we explore an alternative model with a linear quadratic and weakly convex equity

issuance cost, instead of the linear cost model in Equation (9). When a firm issues new

equity (𝐸 > 0), we assume it incurs an equity issuance cost ofΨ(𝐸𝑡) = (𝜙1𝐸𝑡+𝜙2𝐸
2
𝑡 )×1{𝐸𝑡 >

0}. We calibrate the value of 𝜙1 = 0.091 and 𝜙2 = 0.0004 such that the curvature of the

equity issuance cost is the same as that in Hennessy and Whited (2007). With a convex

equity issuance cost, the effects of shutting down excess demand on capital misallocation

remain quantitatively similar to what we find with the baseline model.

Finally, we examine the effect of shutting down excess demand shocks in an alternative

model with a non-convex capital adjustment cost. Specifically, we assume that when a
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firm makes an investment, it incurs a capital adjustment cost of

Ξ(𝐼𝑡 , 𝐾𝑡) ≡
(
Υ+𝐾𝑡 + 𝜉+

𝐼2𝑡
𝐾𝑡

)
× 1{𝐼𝑡 ≥ 0} +

(
Υ−𝐾𝑡 + 𝜉−

𝐼2𝑡
𝐾𝑡

)
× 1{𝐼𝑡 < 0},

where Υ− > Υ+ > 0 and 𝜉− > 𝜉+ > 0. We choose Υ+ = 0.01 and Υ− = 0.03, following Lin

and Zhang (2013). We keep 𝜉+ the same as 𝜉 in the baseline estimate and set 𝜉− = 1.2𝜉+,

so that adjusting capital downward is more costly. In this alternative model specification,

we find that the impact of shutting down excess demand on capital misallocation becomes

even more significant, resulting from the partially irreversible investments generated by

the adjustment-cost structure. Due to the asymmetric adjustment costs, firms that expe-

rience negative shocks have to pay higher transaction costs to reduce their investments

and finance equity market transactions. This effect leads to even more constrained invest-

ment decisions among these firms, which amplifies the distorting effect of investor excess

demand on capital allocation efficiency.

8. Conclusion

This paper examines and quantifies how investor demand affects firms’ investment,

financing policies, and the efficient allocation of capital in the economy. To accomplish

these objectives, we develop and estimate a dynamic model, wherein firms make invest-

ment and financing decisions while facing capital provision driven by investors’ demand.

The novel feature of our model is that we endogenize both the demand and supply sides

of equity capital. When investor demand is strong, it directly induces firms to issue addi-

tional stocks and finance new investments with ease. Conversely, when investor demand

is weak, firms may choose to buy back shares using their cash reserves at favorable prices,

which can crowd out capital investments. Endogenizing investors’ demand also helps

to pin down the price impact from firms’ decisions to issue and repurchase shares. Our

framework is highly tractable and can be applied to explore a wide range of questions

pertaining to the real effects of investor demand and its macroeconomic implications.
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We tightly discipline the parameters governing investors’ characteristics-based, time-

varying demand using detailed data on investor holdings. The firm-side parameters are

estimated using SMM by matching key balance-sheet moments on firms’ share issuance

and repurchases, dividend payouts, leverage, and cash holdings, as well as investment

policies. Using the estimated model, we quantitatively assess how investor demand affects

the efficiency of capital allocation. Our results reveal that investor demand significantly

influences firms’ real investment decisions and amplifies the wedge in the cross section

of investment returns, impeding efficient capital flow in the economy. The effects are

sizeable—eliminating excess demand reduces dispersion in the MPK by 23.8% and TFP

losses by 22.3%.

Moreover, our findings show that excess demand, along with the feedback effect gener-

ated by the interaction between investors and firms, leads to heavier tails in the distribution

of firm size and cash holdings, contributing to firms’ cash stockpiling and the emergence

of superstar firms in the economy.

Over recent decades, many US industries have experienced substantial consolidation

and increased concentration levels (Grullon, Larkin, and Michaely, 2019), creating greater

opportunities for firms to strategically exercise their oligopolistic (Corhay, Kung, and

Schmid, 2020) or oligopsonistic (Berger, Herkenhoff, and Mongey, 2022) powers. Our

findings highlight another important source of market power stemming from investors’

inelastic demand in the capital market. Future research could examine how these different

types of market power are distributed across firms in different locations and industries, and

explore the extent to which their interaction shapes resource misallocation and inequality

among firms and their employees.
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Figure 1: Excess Demand and Price Impact
This figure presents the model-predicted relationship between excess demand and the price impact on
stocks. The solution is calculated using the parameter estimates reported in Table 3. All state variables,
except for the excess demand (𝑙𝑜𝑔𝜖), are set to their respective mean levels in the simulated model economy.
Price impact is defined as the percentage difference between a firm’s market price and its intrinsic value
ex-dividend, 𝑉 − (1 − 𝜏𝑑)𝐷, with 𝑉 as defined in Equation (16).
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Figure 2: Excess Demand, Firm Value, and Optimal Policies
This figure illustrates the model-predicted relationships among excess demand, a firm’ intrinsic value as
defined in Equation (16), and its optimal investment and financing policies. The solution is calculated using
the parameter estimates reported in Table 3. All state variables, except for the excess demand (𝑙𝑜𝑔𝜖), are set
to their respective mean levels in the simulated model economy.
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Figure 3: Excess Demand and Cash and Capital Distribution
This figure presents the distribution of net cash (cash minus debt) and physical capital under the baseline
model (blue solid line) and the counterfactual model (red dotted line) in which excess demand is eliminated
(log 𝜖𝑛,𝑡 = 0,∀𝑛, 𝑡). The solutions are calculated using the parameter estimates reported in Table 3.
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Table 1: Variable Definitions

Variable Construction

Profitability Operating income before depreciation and amortization divided by total assets

Operating profitability Revenues minus the cost of goods sold, interest expenses, and selling, general,
and administrative expenses divided by book equity

Leverage Total debt divided by total assets

Firm size Log of total assets

Book equity Book value of stockholders’ equity, plus deferred taxes and investment tax
credits (if available), minus the book value of preferred stock.

Market equity Price times shares outstanding

Equity issuance Sale of common and preferred stock (if greater than 2% following the algorithm
in McKeon, 2015) divided by market equity

Share repurchase Purchase of common and preferred stock divided by market equity

Asset growth Change in total assets from the previous year divided by total assets in the
previous year

Gross investment Capital expenditures minus sales of property, divided by gross plant, property
and equipment

Market-to-book Total assets minus book equity plus market equity, divided by total assets

Dividend Dividends on common and preferred stock divided by total assets

Investment universe Stocks held in the current quarter and the previous 12 quarters, following Koĳen
and Yogo (2019).

Portfolio weight Ratio of the dollar amount held in a given stock to the total dollar amount of all
stocks held by an institution

Outside asset Stocks with missing characteristics or returns or stocks with CRSP share codes
other than 10 or 11, following Koĳen and Yogo (2019).
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Table 2: Summary Statistics

This table reports summary statistics for our sample. The sample period is 1980–2021. Our sample contains
160,416 firm-year observations and 17,616 distinct firms. The balance-sheet variables are obtained from
COMPUSTAT, stock prices are obtained from CSRP, and portfolio weights are calculated using the Form
13F data. All variables are defined in Table 1.

Variable Mean P10 P25 P50 P75 P90

Profitability 0.1339 0.0152 0.0845 0.1413 0.2023 0.2719
Leverage 0.2342 0.0008 0.0862 0.2213 0.3488 0.4785
Firm size 5.9892 3.2790 4.4460 5.8954 7.4753 8.8131
Log book equity 5.1889 2.5567 3.7212 5.1365 6.6314 7.8427
Log market equity 5.6979 2.8546 4.0115 5.5787 7.2345 8.6947
Equity issuance 0.0183 0.0000 0.0000 0.0000 0.0000 0.0320
Share repurchase 0.0212 0.0000 0.0000 0.0000 0.0115 0.0471
Gross investment 0.1303 0.0257 0.0534 0.0920 0.1541 0.2580
Asset growth 0.1121 -0.1090 -0.0209 0.0558 0.1569 0.3445
Market-to-book 2.0704 0.8034 1.0295 1.4587 2.4350 4.2846
Dividend 0.0200 0.0000 0.0004 0.0118 0.0252 0.0422
Portfolio weight 0.0038 0.0000 0.0001 0.0012 0.0041 0.0089
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Table 3: Parameter Estimates

This table reports the model parameter estimates. Panel A presents calibrated parameters, Panel B presents
parameter estimates for investor demand, and Panel C presents parameter estimates for firms’ operations.
Standard errors for the estimated parameters are clustered at the firm level and reported in the last column.

Panel A: Calibrated Parameters Value

𝜏𝑐 Corporate tax rate 0.35
𝜏𝑑 Dividend tax rate 0.15
𝐽 Number of holdings per investor 1000
𝜂 SDF parameter 0.98
𝛾0 SDF parameter 0.2627
𝛾1 SDF parameter -14.1962
𝜌𝑎 Persistence of aggregate productivity shocks 0.8145
𝜎𝑎 Standard deviation of aggregate productivity shocks 0.0140
𝜎𝜁 Standard deviation of exposure to aggregate productivity shocks 0.2148

Panel B: Parameters Governing Investor Demand Value Std. Err.

𝛽𝑚𝑒 Demand coefficient on log market equity 0.3389 0.0184
𝛽𝑏𝑒 Demand coefficient on log book equity 0.1193 0.0021
𝛽𝑝𝑟𝑜 𝑓 Demand coefficient on profitability 0.8252 0.0663
𝛽𝑖𝑛𝑣 Demand coefficient on investment rate -0.0259 0.0174
𝛽𝑑𝑖𝑣 Demand coefficient on dividend yield 0.5027 0.0623
𝛽𝑚𝑘𝑡𝑏𝑒𝑡𝑎 Demand coefficient on market beta -0.0095 0.0564
𝜌𝜖 Auto-correlation of excess demand 0.7317 0.0149
𝜎𝜖 Standard deviation of excess demand 0.0913 0.0025

Panel C. Parameters Governing Firms’ Operations Value Std. Err.

𝛼 Curvature of production function 0.6210 0.0016
𝜌𝑧 Persistence of idiosyncratic productivity shocks 0.8561 0.0060
𝜎𝑧 Standard deviation of idiosyncratic productivity shocks 0.0861 0.0017
𝛿 Depreciation rate 0.1580 0.0010
𝜉 Capital adjustment cost 0.3478 0.0186
𝜃 Collateral constraint 0.8025 0.0145
𝜙 Linear equity issuance cost 0.0945 0.0027
𝑓 Fixed operating cost 1.4901 0.0007
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Table 4: Moment Conditions

This table reports the empirical (Actual) and simulated (Simulated) moments that we use in our SMM
estimation. Moments (1)–(6) are the regression coefficients of the auxiliary model in Equation (21).
Moments (7) and (8) are the autocorrelation and standard deviation of residuals of Equation (21). Moments
(9)–(20) correspond to autocorrelation, averages, and standard deviations of firms’ balance-sheet variables.
In the last column (Std. Err.), we report standard errors of the moment conditions.

Actual Simulated Std. Err.

(1) 𝛾𝑚𝑒 in the auxiliary equation 0.8256 0.7833 0.0549
(2) 𝛾𝑏𝑒 in the auxiliary equation 0.0207 0.0153 0.0039
(3) 𝛾𝑝𝑟𝑜 𝑓 in the auxiliary equation 0.1161 0.0991 0.0087
(4) 𝛾𝑖𝑛𝑣 in the auxiliary equation 0.0996 0.2525 0.0084
(5) 𝛾𝑑𝑖𝑣 in the auxiliary equation 0.3669 0.4334 0.0834
(6) 𝛾𝑚𝑘𝑡𝑏𝑒𝑡𝑎 in the auxiliary equation -0.0541 -0.0228 0.0034
(7) Autocorrelation of residual in the auxiliary equation 0.7421 0.7270 0.0081
(8) Stdev. of residual in the auxiliary equation 0.0925 0.0641 0.0281
(9) Autocorrelation of profitability 0.7880 0.8693 0.0027
(10) Stdev. of profitability 0.0888 0.0681 0.0110
(11) Mean equity issuance 0.0183 0.0216 0.0010
(12) Stdev. of equity issuance 0.0672 0.0491 0.0034
(13) Mean share repurchase 0.0212 0.0140 0.0009
(14) Stdev. of share repurchase 0.0721 0.0410 0.0047
(15) Mean investment 0.1303 0.1621 0.0019
(16) Stdev. of investment 0.1256 0.0887 0.0050
(17) Mean leverage 0.2342 0.2582 0.0025
(18) Mean profitability 0.1339 0.1779 0.0023
(19) Mean market-to-book ratio 2.0704 2.3120 0.0188
(20) Mean dividend 0.0200 0.0364 0.0005
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Table 5: Untargeted Moments

This table presents results on how the model fits untargeted moments. In Panel A, we examine how firms’
investment and issuance related to the excess demand they face. To construct the excess demand in the
data, we first impute the implied 𝜖 for each investor-firm-quarter, such that the model-predicted portfolio
weight, as per Equation (12) (based on observed firm attributes and our demand estimates reported in
Table 3) matches investors’ actual portfolio weight observed in the data. Next, we compute the investor
AUM-weighted excess demand for each firm quarter. Excess demand is normalized by its standard
deviation in both the model and the data. Column (1) presents the results calculated using the actual
data, and column (2) contains that from the simulation of the baseline model. In Panel B, we compare
the fit of the baseline model to a counterfactual model where we set 𝜌𝜖 and 𝜎𝜖 to zero. We report the
moments calculated using the simulated data from the counterfactual model in column (3). To calculate
the regression coefficients in Panel B, we transform the continuous variables into quartiles based on their
cross-sectional rankings in each fiscal year and report the quartile regression coefficients. When regressing
investment on issuance, we control for the quartile rankings of firms’ market-to-book, leverage, capital
stock, and profitability.

Panel A: Excess demand and firm policies

(1) Data (2) Baseline Model
Regression coefficients of

Investment on excess demand 0.0303 0.0254
Net issuance on excess demand 0.0089 0.0115

Panel B: Other policy functions

(1) Data (2) Baseline Model (3) Counterfactual Model
Regression coefficients of issuance on

Market-to-book ratio 0.0938 0.1373 -0.0010
Leverage 0.0979 0.1308 0.0014
Capital stock -0.0877 -0.0706 -0.0006

Regression coefficients of investment on
Market-to-book ratio 0.1400 0.0914 0.0219
Leverage -0.1440 -0.0903 -0.1051
Capital stock -0.0991 -0.0851 0.0184

Multiple regression coefficients of
Investment on issuance 0.0821 0.0941 -0.0090
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Table 6: Comparison of Alternative Estimation Strategies

This table reports demand-side parameter estimates from the three approaches. In column (1), we report
the regression coefficient, 𝜸, by estimating the auxiliary Equation (21) via OLS; in column (2), we report
the estimated structural parameters, 𝜷 in Equation (10), using the indirect inference method described in
Section 3.2; in column (3), we report the coefficient estimates, 𝜷𝑰𝑽 using the instrumental variable approach
of Koĳen and Yogo (2019).

(1) (2) (3)
Reg coefficients (𝜸) Structural demand (𝜷) Estimates using IV (𝜷𝑰𝑽 )

Relationship between demand and:
Market equity 0.8256 0.3389 0.6508
Book equity 0.0207 0.1193 0.1572
Profit 0.1161 0.8252 0.1331
Investment 0.0996 -0.0259 0.2487
Dividends 0.3669 0.5027 2.0878
Market beta -0.0541 -0.0095 -0.0127

Autocorrelation of residual 0.7421 0.7317 0.6617
Stdev. of residual 0.0925 0.0913 0.1472
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Table 7: Investor Demand, Financial Constraints, and the Flow of Funds

This table presents the decomposition of the sources and uses of funds for simulated firms based on our
model. We calculate the fraction of a particular source (top four rows) or use (bottom eight rows) of funds to
the total sources or uses of funds and report average values. In column (1), we provide the decompositions
of the sources and uses of funds for the full sample. In columns (2)–(5), we provide the decompositions
for subsamples of simulated firms split by the excess demand they face and their financial constraints.
High (Low) 𝜖 firms correspond to firms whose current period 𝑙𝑜𝑔(𝜖) are above (below) zero; unconstrained
(constrained) firms are those with above (below) median dividend-to-asset ratio. Model simulations are
based on parameter values reported in Table 3.

Constrained Unconstrained
Full sample Low 𝜖 High 𝜖 Low 𝜖 High 𝜖

(1) (2) (3) (4) (5)

Sources
Profit 0.7232 0.7998 0.8016 0.7863 0.6813
Net cash reduction 0.1292 0.1617 0.0365 0.1787 0.0789
Interest income 0.0277 0.0207 0.0375 0.0245 0.0355
Equity issuance 0.1199 0.0178 0.1245 0.0105 0.2043

Uses
Investment 0.3586 0.3546 0.4058 0.3859 0.3639
Adjustment cost 0.0234 0.0222 0.0252 0.0251 0.0244
Taxes 0.1294 0.1389 0.1332 0.1490 0.1249
Cash increase 0.1173 0.0910 0.1728 0.0315 0.1192
Interest payment 0.0139 0.0226 0.0122 0.0151 0.0059
Dividends 0.1104 0.0364 0.0407 0.1376 0.2063
Repurchases 0.0647 0.1104 0.0068 0.0721 0.0036
Fixed operating costs 0.1822 0.2239 0.2033 0.1837 0.1518
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Table 8: Investor Clientele and Firm Policies

This table presents how market valuation, cash management, and the level and return of investment change
for firms in our model as their investor clientele changes. In Panel A, we report these firm characteristics
in the baseline model, without changes in investor clientele. In Panel B, we change the investor clientele
of a randomly selected subsample of firms in our economy by swapping 𝑋 percent of their investors with
“meme stock” investors, whose 𝜖 for these firms is set to 1.97. In panel C, we perform counterfactual
exercises similar to those in Panel B but by swapping 𝑋 percent of their investors with passive investors,
whose log 𝜖 is zero, 𝛽𝑚𝑒 equals 1, and other demand parameters are all zeros. We change 𝑋 from 10% to
90%. In each panel, we report firms’ average market capitalization (scaled by that in the baseline model) in
column (1); average net equity issuance (issuance minus repurchase) and cash scaled by the average firm
value in the baseline model in columns (2) and (3), respectively; and firms’ average investment rate and
return (MPK) in columns (4) and (5), respectively.

Panel A. Baseline

Mkt cap Net Issuance Cash Investment MPK
(1) (2) (3) (4) (5)

1.0000 0.0077 0.2947 0.1621 0.1897

Panel B. Meme stock investors

90% 2.9253 0.1009 0.8669 0.2293 0.1622
80% 2.6630 0.0898 0.8031 0.2214 0.1652
70% 2.4132 0.0798 0.7396 0.2135 0.1682
60% 2.1753 0.0698 0.6762 0.2056 0.1712
50% 1.9496 0.0591 0.6126 0.1977 0.1743
40% 1.7355 0.0489 0.5488 0.1898 0.1774
30% 1.5338 0.0388 0.4854 0.1820 0.1804
20% 1.3437 0.0286 0.4218 0.1741 0.1835
10% 1.1657 0.0185 0.3580 0.1662 0.1866

Panel C. Passive investors

90% 0.6279 0.0019 0.1096 0.1394 0.1985
80% 0.7163 0.0017 0.1480 0.1429 0.1968
70% 0.7511 0.0017 0.1661 0.1453 0.1958
60% 0.7774 0.0017 0.1839 0.1484 0.1944
50% 0.7982 0.0017 0.2001 0.1499 0.1940
40% 0.8228 0.0018 0.2197 0.1514 0.1934
30% 0.8564 0.0021 0.2436 0.1546 0.1919
20% 0.8918 0.0033 0.2662 0.1569 0.1911
10% 0.9456 0.0043 0.2990 0.1593 0.1900
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Table 9: Investor Demand and Investment Efficiency

This table presents the mean and variance of the MPK and the TFP loss for firms simulated under various
scenarios based on different values of demand parameters (𝜷) and excess demand (log 𝜖). In Panel A,
investors’ demand parameters 𝜷 are maintained at the baseline estimates reported in Table 3. We consider
counterfactual scenarios where excess demand log 𝜖 is set to either 50% of the baseline estimate or 0. The
last column calculates the percentage differences in the variables of interest when log 𝜖 = baseline and
when log 𝜖 = 0. We repeat the exercise in Panel B, where we set 𝜷 to the average between the baseline
estimates and that of passive investors, and in Panel C where we set 𝜷 as a convex combination of 90% of
passive investors’ 𝜷 and 10% of the baseline estimates. Passive investors have 𝛽 equal to 1 for market equity
and 0 for all other characteristics.

Panel A: baseline 𝜷

Percent change
log(𝜖) = baseline log(𝜖) = 50% × baseline log(𝜖) = 0 (from baseline to 0)

(1) Mean(MPK) 0.1897 0.2028 0.2088 10.08%
(2) Var(log(MPK)) 0.0256 0.0210 0.0195 -23.82%
(3) TFP loss 0.0205 0.0170 0.0159 -22.30%

Panel B: 50% passive investor 𝜷

Percent change
log(𝜖) = baseline log(𝜖) = 50% × baseline log(𝜖) = 0 (from baseline to 0)

(1) Mean(MPK) 0.1755 0.1937 0.2088 18.95%
(2) Var(log(MPK)) 0.0289 0.0221 0.0195 -32.51%
(3) TFP loss 0.0230 0.0178 0.0159 -30.77%

Panel C: 90% passive investor 𝜷

Percent change
log(𝜖) = baseline log(𝜖) = 50% × baseline log(𝜖) = 0 (from baseline to 0)

(1) Mean(MPK) 0.1475 0.1550 0.2088 41.59%
(2) Var(log(MPK)) 0.0448 0.0289 0.0195 -56.49%
(3) TFP loss 0.0310 0.0223 0.0159 -48.53%
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Table 10: Comparing Sources of Capital Misallocation

This table presents the mean and variance of the MPK and the TFP loss for firms under the baseline
model and several counterfactual scenarios. Panel A reports the results from the baseline model and
the counterfactual scenario where we switch off excess demand shocks by setting log 𝜖 to zero while
keeping the value of other parameters the same as the baseline case. Panel B reports the results from
the counterfactual exercise where we remove debt market frictions by setting the collateral constraint
parameter 𝜃 to one. Panel C reports the results from the counterfactual exercise where we set the
capital adjustment cost parameter 𝜉 to zero. Panel D reports the results from the counterfactual
exercise where we remove firms’ exposure to the aggregate risk. Column “Percentage change” reports the
percentage changes in our variables of interest from the baseline model to the respective counterfactual cases.

Panel A: Effect of latent demand

Baseline No excess demand Percentage change

(1) Mean(MPK) 0.1897 0.2088 10.08%
(2) Var(log(MPK)) 0.0256 0.0195 -23.82%
(3) TFP loss 2.05% 1.59% -22.30%

Panel B: Effect of debt market frictions

No debt frictions Percentage change

(1) Mean(MPK) 0.1877 -1.04%
(2) Var(log(MPK)) 0.0246 -4.11%
(3) TFP loss 1.97% -4.03%

Panel C: Effect of capital adjustment cost

No adjustment costs Percentage change

(1) Mean(MPK) 0.1738 -8.39%
(2) Var(log(MPK)) 0.0237 -7.35%
(3) TFP loss 1.84% -10.47%

Panel D: Effect of risk premium

No risk premium Percentage change

(1) Mean(MPK) 0.2002 5.56%
(2) Var(log(MPK)) 0.0218 -14.85%
(3) TFP loss 1.75% -14.48%
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Table 11: Subsample Estimation

This table presents the model parameter estimates, price impacts, and percentage changes in investment efficiency measures when we shut down
investors’ excess demand. “High SR” (“Low SR”) is the subsample of firms with above (below) median sentiment risk, and “High HH” (“Low
HH”) is the subsample of firms with above (below) median percentages of household holdings. Panels A and B present results for parameters that
dictate investor demand and firms’ operations, respectively. The definitions of these parameters are provided in Table 3. Panel C reports the average
elasticities of price to excess demand and equity issuance as defined in Equations (13) and (14). Panel D reports percentage changes in the mean and
variance of the MPK and the TFP loss when we remove excess demand by setting log 𝜖 to zero while keeping all other parameters at the estimated
level specific to each subsample.

Low SR High SR Low HH High HH
(1) (2) (3) (4)

Panel A: Parameters Governing Investor Demand

Value Std. Err. Value Std. Err. Value Std. Err. Value Std. Err.

𝛽𝑚𝑎𝑟𝑘𝑒𝑡 0.3526 0.0180 0.3217 0.0988 0.3543 0.0101 0.3243 0.0196
𝛽𝑏𝑜𝑜𝑘 0.1204 0.0032 0.1204 0.0187 0.1205 0.0020 0.1192 0.0048
𝛽𝑝𝑟𝑜 𝑓 𝑖𝑡 0.8177 0.1446 0.8254 0.3965 0.8321 0.1350 0.8332 0.0740
𝛽𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 -0.0257 0.0373 -0.0259 0.0350 -0.0260 0.0440 -0.0260 0.0127
𝛽𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑 0.4976 0.2277 0.5023 0.0571 0.5047 0.1012 0.5064 0.0206
𝛽𝑚𝑘𝑡𝑏𝑒𝑡𝑎 -0.0094 0.2826 -0.0095 0.0007 -0.0095 0.0803 -0.0094 0.0706
𝜌𝜖 0.7244 0.0085 0.7304 0.0119 0.7252 0.0175 0.7324 0.0104
𝜎𝜖 0.0859 0.0034 0.0950 0.0144 0.0876 0.0016 0.0955 0.0033

Panel B. Parameters Governing Firms’ Operations

𝛼 0.6148 0.0096 0.6157 0.0128 0.6175 0.0033 0.6270 0.0067
𝜌𝑧 0.8483 0.0186 0.8483 0.0195 0.8478 0.0111 0.8646 0.0163
𝜎𝑧 0.0869 0.0024 0.0859 0.0045 0.0855 0.0022 0.0852 0.0038
𝛿 0.1568 0.0014 0.1570 0.0015 0.1575 0.0017 0.1576 0.0013
𝜉 0.3443 0.0406 0.3474 0.0216 0.3507 0.0328 0.3489 0.0165
𝜃 0.8098 0.0218 0.8093 0.0230 0.7947 0.0193 0.7872 0.0196
𝜙 0.0955 0.0028 0.0926 0.0047 0.0998 0.0054 0.0901 0.0023
𝑓 1.3178 0.0021 1.4874 0.0037 1.4272 0.0011 1.7903 0.0025

Panel C. Price Impacts
𝜕𝑝

𝜕 log 𝜖 1.5423 1.4720 1.5463 1.4761
𝜕𝑝
𝜕𝑠 -0.3809 -0.4761 -0.4266 -0.5906

Panel D. Effect of Shutting Down Excess Demand

Δ%Mean(MPK) 5.58% 8.79% 6.21% 13.69%
Δ%Var(log(MPK)) -17.16% -28.87% -19.06% -40.41%
Δ%TFP loss -17.49% -26.56% -20.19% -42.90%
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A Computational Appendix

In this section, we describe the algorithms employed for computing an equilibrium,

simulating a panel of firms, generating model moments, and estimating parameter values

through the simulated method of moments and indirect inference.

A.1 Numerical model solution

Given the parameter values 𝛽𝑚𝑒 , 𝛽𝑏𝑒 , 𝛽𝑝𝑟𝑜 𝑓 , 𝛽𝑖𝑛𝑣 , 𝛽𝑑𝑖𝑣 , 𝛽𝑚𝑘𝑡𝑏𝑒𝑡𝑎 , 𝜌𝜈, 𝜎𝜈, 𝛼, 𝜌𝑧 , 𝜎𝑧 , 𝛿, 𝜉, 𝜃,

𝜙, and 𝑓 , we compute the recursive competitive equilibrium of the model as follows:

1. Initialize a guess for (i) firm’s value function𝑉(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), and (ii) firm pol-

icy functions𝐾𝑡+1(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡),𝐶𝑡+1(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡),Δ𝑠𝑡(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡),

𝐸𝑡(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), and 𝐷𝑡(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡).

2. Initialize a guess for investors’ policy function for the portfolio share, 𝑊(𝒙𝒕 , 𝜖𝑡).

Note that as illustrated by Equation (10), a firm’s portfolio share depends not only

on its own characteristics, but also those of other firms that lie with the investors’

investment universe. Solving the problem essentially requires us to keep track of

the entire distribution of characteristics, Γ𝑡 , the dimensionality of which depends

on the total number of firms in the economy. Such high dimensionality presents a

numerical challenge in solving the model. To overcome this challenge, we employ

a low-dimensional approximation of Γ𝑡 . The strategy follows from an algorithm in

the spirit of Krusell and Smith (1998) proposed by Weintraub, Benkard, and Van Roy

(2008, 2010), and Ifrach and Weintraub (2017). Specifically, we postulate that all the

pertinent information about Γ𝑡 for a firm’s optimization can be summarized by 𝑑̄𝑡 ,

which represents the exponential demand of an average firm in the economy. We
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approximate the aggregate portfolio weight in firm 𝑛,𝑊(𝒙𝒕 , 𝜖𝑡), as follows:

𝑊(𝒙𝒕 , 𝜖𝑡) =
exp

{
𝜷 𝒙𝑡(𝑛)

}
· 𝜖𝑡(𝑛)

1 + exp
{
𝜷 𝒙𝑡(𝑛)

}
· 𝜖𝑡(𝑛) +

∑
𝑚∈𝒩𝑛\{0,𝑛} exp

{
𝜷 𝒙𝑡(𝑚)

}
· 𝜖𝑡(𝑚)

≈
exp

{
𝜷 𝒙𝑡(𝑛)

}
· 𝜖𝑡(𝑛)

1 + exp
{
𝜷 𝒙𝑡(𝑛)

}
· 𝜖𝑡(𝑛) + (𝐽 − 1)𝑑̄𝑡

3. Given the initial guesses, set the value function convergence tolerance 𝜖𝑉 > 0

and demand convergence tolerance 𝜖𝑑 > 0. Solve for the firm policy functions

𝐾𝑡+1(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), 𝐶𝑡+1(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), Δ𝑠𝑡(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), 𝐸𝑡(𝐾𝑡 , 𝐶𝑡 ,

𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), and 𝐷𝑡(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡), and value function𝑉(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡) in

the firm’ optimization problem using value function iteration (Equation 16). Iterate

until ∥𝑉𝑛𝑒𝑤(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡) −𝑉(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡)∥ < 𝜖𝑉 , where ∥.∥ is defined

as the sup-norm.

4. Given the optimal firm policy functions for each state, all investors choose their

portfolio weights following the demand function specified in Equation (10), which

yields the firm-level demand specified in Equation (12). We simulate a firm panel

using the optimal firm policy functions and investor optimal portfolio choices. In

the equilibrium, we calculate the implied average exponential demand, 𝑑̄𝑛𝑒𝑤𝑡 =

1
𝑁

∑
𝑛 exp

{
𝜷 𝒙𝑡(𝑛)

}
· 𝜖𝑡(𝑛), where 𝒙𝑡 represents firm characteristics, which we can

calculate from firms’ value and policy functions solved in step 3. Repeat steps 1

through 3 using the updated guess of 𝑑𝑡
𝑛𝑒𝑤 .

5. Repeat the above steps 1 through 4 until both

∥𝑉𝑛𝑒𝑤(𝐾𝑡 , 𝐶𝑡 , 𝑧, 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡) −𝑉(𝐾𝑡 , 𝐶𝑡 , 𝑧𝑡 , 𝜖𝑡 ; 𝑎𝑡 , Γ𝑡)∥ < 𝜖𝑉

and ∥𝑑𝑡
𝑛𝑒𝑤 − 𝑑𝑡 ∥ < 𝜖𝑑, where ∥.∥ is defined as the sup-norm.
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A.2 Estimation procedure

Our estimation aims to identify two sets of parameters. The first describes investor

demand for firms’ equity, which we estimate using an indirect inference approach. We run

regression (21) and match the regression coefficients and the autocorrelation and standard

deviation of the residual term from the regression with their corresponding model coun-

terparts. The second set of parameters describes the firm-level operational and financial

decisions. To identify these parameters, we choose 12 moments that correspond to im-

portant firm-level decisions, including the mean, standard deviation, and autocorrelation

of firm-level profitability; the mean and standard deviation of the percentage of equity

issuance and share repurchase; the mean and standard deviation of firms’ investment

rate; and the average dividend-to-asset ratio, book leverage, and market-to-book ratio.

We combine these 12 moments with the 8 moments we obtain from the indirect inference

approach. We jointly match these 20 moments in one big simulated method of moments

(SMM) estimation system.

The SMM estimation minimizes a distance criterion between model-generated mo-

ments and the actual data moments. The estimation proceeds in the following way: For

an arbitrary value of parameter vector Θ, the dynamic problem is solved and the policy

functions are generated. Then we use the policy functions to simulate a data panel of

(𝐾𝑁, 𝑇 + 100) , where 𝐾 is a strictly positive integer denoting the number of simulated

panel data sets, 𝑁 is the number of firms in the actual data, and 𝑇 is the time dimension

of the simulated data. The first 100 periods are discarded so as to start from the ergodic

distribution.

Let 𝑥𝑖𝑡 be the actual data vector, 𝑖 ∈ {1, ..., 𝑁}, 𝑡 ∈ {1, ..., 𝑇}, and let 𝑦𝑖𝑡𝑘(𝑏) be the

simulated vector from simulation 𝑘, 𝑖 ∈ {1, ..., 𝑁}, 𝑡 ∈ {1, ..., 𝑇}, and 𝑘 ∈ {1, ..., 𝐾}. The

simulated data vector, 𝑦𝑖𝑡𝑘(Θ), depends on a vector of structural parameters, Θ. Define
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the moment conditions as

1
𝑁𝑇

𝑁∑
𝑖=1

𝑇∑
𝑡=1

[
ℎ(𝑥𝑖𝑡) −

1
𝐾

𝐾∑
𝑘=1

ℎ(𝑦𝑖𝑡𝑘(Θ))
]
≡ Ψ𝐴 −Ψ𝑆(Θ) (A.1)

where ℎ(𝑦𝑖𝑡𝑘(Θ)) is a vector of simulated moments and ℎ(𝑥𝑖𝑡) is the actual data moments.

Ψ𝐴 = 1
𝑁𝑇

𝑁∑
𝑖=1

𝑇∑
𝑡=1
ℎ(𝑥𝑖𝑡), Ψ𝑆(Θ) = 1

𝑁𝑇𝐾

𝑁∑
𝑖=1

𝑇∑
𝑡=1

𝐾∑
𝑘=1
ℎ(𝑦𝑖𝑡𝑘(Θ))

The simulated moments estimator is defined as the solution to the minimization of

Θ̂ = arg min
Θ

[
Ψ𝐴 −Ψ𝑆(Θ)

] ′
𝑊̂

[
Ψ𝐴 −Ψ𝑆(Θ)

]
(A.2)

in which 𝑊̂ is a positive definite matrix that converges in probability to a deterministic

positive definite matrix 𝑊 . It is constructed by calculating the inverse of the variance-

covariance matrix of the data moments. Define Ω as the variance-covariance matrix of

the data moments Ψ𝐴. Lee and Ingram (2010) show that under the estimating null, the

variance-covariance of the simulated momentsΨ𝑆(Θ) is equal to 1
𝐾Ω. SinceΨ𝐴andΨ𝑆(Θ)

are independent by construction, 𝑊̂ =
[ (

1 + 1
𝐾

)
Ω
]−1. Ω is calculated using influence

function method following Erickson and Whited (2002). Following Nikolov and Whited

(2014), we demean each of our variables at the firm level and then calculate the influence

functions for each moment using the demeaned data. We then covary these influence

functions by summing in both the cross-sectional and time series dimensions.

We use a simulated annealing algorithm for minimizing the objective function. This

starts with a predefined first and second guess. For the third guess onward, it takes the

best prior guess and randomizes from this to generate a new set of parameter guesses.

That is, it takes the best-fit parameters and randomly “jumps off” from this point for its

next guess. Over time the algorithm “cools”, so that the variance of the parameter jumps

falls, allowing the estimator to fine-tune its parameter estimates around the global best fit.

We restart the program with different initial conditions to ensure the estimator converges
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to the global minimum. The simulated annealing algorithm is extremely slow, which

restricts the size of the parameter space that can be estimated. Nevertheless, we use this

algorithm because it is robust to the presence of local minima and discontinuities in the

objective function across the parameter space.

The simulated moments are asymptotically normal for fixed 𝐾. Denote 𝑔(Θ) ≡ Ψ𝐴 −

Ψ𝑆(Θ). The asymptotic distribution of Θ is given by:

√
𝑛(Θ − Θ̂) 𝑑→ 𝒩

(
0, 𝑎𝑣𝑎𝑟(Θ̂)

)
, (A.3)

in which

𝑎𝑣𝑎𝑟(Θ̂) = (1 + 1
𝐾
)
[
𝜕𝑔

𝜕Θ
𝑊

𝜕𝑔

𝜕Θ′

]−1 [ 𝜕𝑔
𝜕Θ

𝑊Ω̂𝑊
𝜕𝑔

𝜕Θ′

] [
𝜕𝑔

𝜕Θ
𝑊

𝜕𝑔

𝜕Θ′

]−1
, (A.4)

where Ω̂ is the probability limit of a consistent estimator of the covariance matrix. We

calculate the estimate of this covariance matrix using influence function of the moment

vector clustered at firm level following Erickson and Whited (2002).
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B Moment Construction

In this section, we provide additional details regarding the construction of moments

we target in our SMM estimation. We start from the demand side, illustrating how we

aggregate investors’ excess demand at the firm level and construct empirical moments

accordingly. We then discuss the moments we compute based on firm balance sheet

variables.

B.1 Modeling firm-level excess demand

We begin by rewriting individual investors’ portfolio decision that is provided in

Equation (10) of the main text:

𝑤𝑖 ,𝑡(𝑛) =
exp

{∑𝐾
𝑘=1 𝛽𝑘,𝑖 𝑥𝑘,𝑡(𝑛) + 𝛽0,𝑖

}
· 𝜖𝑖 ,𝑡(𝑛)

1 +∑
𝑚∈𝒩 𝑖\{0} exp

{∑𝐾
𝑘=1 𝛽𝑘,𝑖 𝑥𝑘,𝑡(𝑚) + 𝛽0,𝑖

}
· 𝜖𝑖 ,𝑡(𝑚)

. (B.5)

To construct the aggregate counterpart of Equation (B.5), we first calculate the AUM-

weighted demand coefficients for each of firms’ characteristics 𝑘:

𝛽𝑘 =

∑
𝑖∈𝐼 𝛽𝑘,𝑖 · 𝐴𝑖∑

𝑖∈𝐼 𝐴𝑖
. (B.6)

Using aggregate demand parameter 𝜷, we can define the firm-level excess demand (ag-

gregated across investors):

𝜖𝑡(𝑛)
𝜖𝑡(0)

≡
{∑

𝑖∈𝐼 𝑤𝑖 ,𝑡(𝑛) · 𝐴𝑖
𝐴(𝑛)

}
·
{∑

𝑖∈𝐼 𝑤𝑖 ,𝑡(0) · 𝐴𝑖
𝐴(0)

}−1
· exp

[
−𝜷 𝒙𝑡(𝑛)

]
, (B.7)

where 𝜖𝑡(0) is the aggregate excess demand for the outside asset, which is normalized

to 1. 𝐴(𝑛) ≡ ∑
𝑖∈𝐼 𝐴𝑖 · 1𝑛∈𝒩 𝑖 is the aggregate dollar amount of investable wealth on firm

𝑛. With these definitions, we can verify that the individual investor’s demand, 𝑤𝑖 ,𝑡(𝑛)
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in Equation (10), and the firm’s aggregate demand, defined in Equation (12), satisfy the

following relation:
𝑊𝑡(𝑛) · 𝐴(𝑛)
𝑊𝑡(0) · 𝐴(0)

=

∑
𝑖∈𝐼 𝑤𝑖 ,𝑡(𝑛) · 𝐴𝑖∑
𝑖∈𝐼 𝑤𝑖 ,𝑡(0) · 𝐴𝑖

. (B.8)

Thus, the aggregate portfolio weight, 𝑊𝑡(𝑛), summarizes the total demand for firm 𝑛’s

equity by all potential investors.

B.2 Empirical moments on investor demand

To construct the empirical counterparts of the investor demand-related moments in

our SMM estimation, we start by taking log of investor 𝑖’s demand in Equation (12), which

yield:

log𝑤𝑖 ,𝑡(𝑛) =
𝐾∑
𝑘=1

𝛽𝑘,𝑖 𝑥𝑘,𝑡(𝑛) + const𝑖 + 𝜖𝑖 ,𝑡(𝑚), (B.9)

where the constant term (const𝑖) equals 𝛽0,𝑖 − log
[
1 +∑

𝑚∈𝒩𝑛\{0} exp
{
𝜷 𝒙𝑡(𝑚)

}
· 𝜖𝑡(𝑚)

]
,

which is fixed for all firms in the investors’ portfolio.

We then estimate the following auxiliary regression:

log𝑤𝑖 ,𝑡(𝑛) ∼
𝐾∑
𝑘=1

𝛾𝑘,𝑖,𝑡 𝑥𝑘,𝑡(𝑛) + constant𝑖 ,𝑡 + 𝜇𝑖 ,𝑡(𝑛). (B.10)

Note that estimating Equation (B.10) via OLS will not recover the structural demand due

to the endogenous issue discussed in section 3.2. Nevertheless, the regression coeffi-

cients capture an important endogenous relationship between investor demand and firm

characteristics that can help us back out the true demand parameters.

Following the strategy in Koĳen and Yogo (2019), we estimate Equation (B.10) by

institution-quarter whenever there are more than 1,000 strictly positive holdings for that

institution-quarter. For institutions with fewer than 1,000 holdings in a given quarter, we
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pool them by investor type and quintiles of assets under management conditional on type,

also following the approach in Koĳen and Yogo (2019).

Because we focus on firm-level investor demand in the model, we also aggregate its em-

pirical counterparts for consistency. We aggregate the investor-level demand coefficients

of the auxiliary regression in Equation (B.10):

𝛾𝑘 =

∑
𝑡∈𝑇

∑
𝑖∈𝐼 𝛾𝑘,𝑖,𝑡 · 𝐴𝑖 ,𝑡∑

𝑡∈𝑇
∑
𝑖∈𝐼 ·𝐴𝑖 ,𝑡

, (B.11)

where we use investors’ CPI-deflated AUM, 𝐴𝑖 ,𝑡 , as the weight to calculate the aggre-

gate demand coefficients. Similarly, we construct weighted-average residuals from the

regression in Equation (B.10):

𝜇𝑡(𝑛) =
∑
𝑖∈𝐼 𝜇𝑖 ,𝑡(𝑛) · 𝐴𝑖 ,𝑡∑

𝑖∈𝐼 ·𝐴𝑖 ,𝑡
. (B.12)

We match 𝛾𝑘 in Equation (B.11) and the auto-correlation and standard deviation of

{𝜇𝑡(𝑛)} in Equation (B.12) in our SMM estimation. We report these values in Table 3.

B.3 Firm balance sheet variables

To construct the firm-side variables, we use the CRSP-Compustat database. Our sample

period is from 1980 to 2021. We remove from the data utility (SIC 4900-4999) and financial

firms (SIC 6000-6999) and also exclude firms with missing total assets, market equity,

total debt, operating profit, or investment. We also require firms to have nonmissing

lagged asset, investment, and operating profit so that we can construct the auto-correlation

coefficients. We exclude firms with less than three annual observations.

Because we are using panel data, our sample contains unobserved heterogeneity,

whereas in our baseline simulation firms have the same starting point and are governed

8



by a common set of parameters. In order to render our simulated data comparable to

the empirical moments, we take the same approach as that in Nikolov and Whited (2014)

and DeAngelo, DeAngelo, and Whited (2011) by calculating all variances and correlations

using data that have undergone a within-transformation.
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C Excess Demand and Measures of Sentiment

In this section, we performed a back-of-the-envelope check to validate whether ex-

cess demand proxies for investors’ sentiment. To this end, we first impute the model-

implied excess demand for each investor-firm-quarter, such that the model-implied port-

folio weight calculated following Equation (12) (using observed firm characteristics and

our demand estimates reported in Table 3) equals investors’ actual portfolio weight ob-

served in the data. Next, we calculate the investor AUM-weighted excess demand for

each firm quarter and explore their relationship with other commonly used sentiment

measures. Specifically, we examine the following four measures:

1. CSS measure: this is a news-based investor sentiment measure constructed using

RavenPack database. We obtain the investor sentiment data from RavenPack News

Analytics, which collects information from all major newspapers, press releases,

regulatory disclosures, and government updates and performs sentiment analysis

of the information.1 Specifically, we use the Composite Sentiment Score (CSS) in

RavenPack to measure the sentiment of a specific news event. CSS captures the

sentiment of a specific news story by three different sentiment analysis tools that

determine the direction (positive, negative, or neutral) and the strength of sentiment.

We then calculate the firm-quarter-specific investor sentiment score as the average

CSS for all relevant news about the firm in each quarter.

2. AEV measure: this is another news-based investor sentiment measure constructed

using RavenPack database. A value that represents the number of events for an

entity (excluding neutral ones) measured over a rolling 91-day window in a particular

package (Dow Jones, Web, or PR Editions). Only news items that match a RavenPack

1RavenPack database has been widely used in the finance and accounting literature (see Dai, Parwada,
and Zhang, 2015; Dang, Moshirian, and Zhang, 2015; Bushman, Williams, and Wittenberg-Moerman 2017
among others.)
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event category receiving an event sentiment score are included in the computation

of AEV. We use the logarithm of this measure in our analysis.

3. OIB measure: this is a firm-quarter-specific investor sentiment measure constructed

based on the buy-sell order imbalance of retail investors using the transaction data

from the Trade and Quote (TAQ) database. The empirical evidence documented

in Kumar and Lee (2006) and Barber, Odean, and Zhu (2008) suggests that trade

order imbalance can be a suitable measure for investor sentiment. Following Kumar

and Lee (2006), we calculate the daily order imbalance of each stock using the

transaction data from the TAQ database. The order imbalance of firm 𝑖’s stock at

day 𝑑 is calculated as 𝑂𝐼𝐵𝑖 ,𝑑 =
𝐵𝑢𝑦𝑖 ,𝑑−𝑆𝑒𝑙𝑙𝑖 ,𝑑
𝐵𝑢𝑦𝑖 ,𝑑+𝑆𝑒𝑙𝑙𝑖 ,𝑑 , where 𝐵𝑢𝑦𝑖 ,𝑑 (𝑆𝑒𝑙𝑙𝑖 ,𝑑) is the aggregate

buyer-initiated (seller-initiated) dollar trading volume of stock 𝑖 on day 𝑑.2 We then

define the firm-quarter specific order imbalance as 𝑂𝐼𝐵𝑖 ,𝑡 = 250
4 ×

∑𝑁
𝑑=1 𝑂𝐼𝐵𝑖 ,𝑑

𝑁 , where

𝑁 is the number of non-missing 𝑂𝐼𝐵𝑖 ,𝑑 over the year-quarter 𝑡.

4. ECC measure: this is a firm-quarter-specific sentiment measure constructed based

on the tone of earnings conference call transcripts following Hassan, Hollander,

Van Lent, and Tahoun (2019). Typically, in each fiscal year, a firm hosts four quarterly

earnings conference calls. These calls usually involve a top executive’s presentation

followed by a question-and-answer session with market participants. We analyze

the transcripts of each conference call by counting the frequency of positive words

mentioned and subtracting the frequency of negative words mentioned. Then, we

divide the resulting number by the length of the transcript. The positive and negative

words are defined by Loughran and McDonald (2011) sentiment dictionary.

We regress firm-quarter level excess demand on these four empirical proxies for in-

vestor sentiment, controlling for year-quarter fixed effects. The results are reported in

2We classify buyer-initiated and seller-initiated trading volume following the algorithm of Lee and
Ready (1991).
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Table E.1. We find all four measures are strongly and positively associated with firm-level

excess demand with statistical significance lower than 1% level. These four sentiment-

related indicators alone can already account for more than one third of the variations in

excess demand. Note these four measures may only capture some facets of the overall

investor sentiment. The explanatory power of investor sentiment is likely to further in-

crease with additional sentiment proxies and more comprehensive data coverage. This

once again demonstrates that investor sentiment is an important source of investors’ excess

demand, consistent with the claim in Koĳen and Yogo (2019).
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D Indirect Inference for High/Low Tangibility Firms

Our baseline estimation reveals a marked difference between the structural demand

parameters 𝜷 and the coefficients from the auxiliary regression 𝜸, highlighting substantial

bias correction of our indirect inference approach. Such bias correction stems from the

model’s ability to account for the endogenous determination of firm characteristics and

equity issuance. On the other hand, though the model accounts for time-varying equity

issuance decisions, debt is governed by a constant collateral constraint parameter. There-

fore, concern might arise regarding whether our procedure’s ability to correct the bias will

be impaired due to the abstraction from more detailed heterogeneity in the debt market

trade-offs. To alleviate this concern, we perform a subsample estimation and gauge the ex-

tent to which the abstraction might affect the magnitude of bias correction in our demand

parameter estimates. Specifically, we split firms based on their asset tangibility—“Low

TG” and “High TG” correspond to firms with below/above median asset tangibility, re-

spectively.3 We then estimate the model for each subsample. The results are presented in

Table E.3.

First, as shown in Panel A, we find that parameters related to excess demand, 𝜌𝜖 and

𝜎𝜖, remain quantitatively similar across subsamples with different tangibility. This further

substantiates the conjecture that excess demand captures factors other than firm funda-

mentals. Second, by comparing Panel A with Panel B, we note that the primary differences

in parameter estimates across subsamples manifest in the collateral constraint parameter

𝜃 and other parameters that govern firm operations, rather than in the demand system

parameters. This observation further validates our identification strategy, suggesting that

it is able to pick up variations in not only investor demand as shown in Section 6, but also

firm characteristics in a way that is consistent with people’s prior. Thus, this analysis also

serves as an informal “out-of-sample” test of the validity of our model and identification

3Following the literature, we measure firm tangibility as the sum of total receivables, inventories, and
net property, plant, and equipment scaled by total assets.
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strategy. Lastly, as shown in Panel C, our indirect inference approach can contribute to

substantial bias correction across both subsamples, among firms with varying ability to

pledge assets and perform collateralized borrowing. The magnitudes and directions of

bias correction are comparable to those reported in Table 6.
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E Additional Tables
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Table E.1. Excess Demand and Measures of Sentiment

We perform a back-of-envelope check to validate investor sentiment can capture the variation in excess
demand. We first back out the model-implied excess demand for each investor-firm-quarter using
Equation (12) and our estimated demand parameters. Then, we calculate the investor AUM-weighted
excess demand for each firm quarter and examine its relationship with sentiment measures commonly
used in the literature. We consider the following four measures: (1) CSS measure: a news-based investor
sentiment measure constructed based on RavenPack database. The measure is based on the CSS index—the
sentiment of a specific news story by three different sentiment analysis tools, which help to determine the
direction (positive, negative, or neutral) and the strength of news sentiment. It is calculated as the average
of CSS for all the news events of a firm in each quarter; (2) AEV measure: another news-based investor
sentiment measure constructed using RavenPack database. Its value is calculated using the number of
events for a firm (excluding neutral ones) measured over a rolling 91-day window. Only news items that
match a RavenPack event category receiving an event sentiment score are included in the computation of
AEV; (3) OIB measure: a firm-quarter-specific investor sentiment measure constructed following Kumar
and Lee (2006) based on the buy-sell order imbalance of retail investors using the transaction data from the
Trade and Quote (TAQ) database; (4) ECC measure: a firm-quarter-specific sentiment measure constructed
based on the tone of earnings conference call transcripts following Hassan et al. (2019). For each conference
call, we count the frequency of mentions of positive words and deduct the frequency of mentions of negative
words, and then divide by the length of the transcript. The lags of these sentiment measures are included in
the second and third specifications. All specifications include year-quarter fixed effects. Robust asymptotic
standard errors clustered at year-quarter level are reported in parentheses. ∗∗∗𝑝 < 0.01, ∗∗𝑝 < 0.05, ∗𝑝 < 0.1.

(1) (2) (3)
Excess Demand Excess Demand Excess Demand

CSS 0.071*** 0.052*** 0.046***
(0.004) (0.004) (0.004)

lag.CSS 0.032*** 0.027***
(0.003) (0.003)

lag2.CSS 0.013***
(0.003)

AEV 0.442*** 0.254*** 0.214***
(0.007) (0.006) (0.006)

lag.AEV 0.229*** 0.127***
(0.005) (0.005)

lag2.AEV 0.168***
(0.005)

ECC 0.066*** 0.045*** 0.040***
(0.002) (0.002) (0.002)

lag.ECC 0.029*** 0.023***
(0.002) (0.002)

lag2.ECC 0.013***
(0.003)

OIB 0.102*** 0.069*** 0.059***
(0.006) (0.005) (0.005)

lag.OIB 0.046*** 0.032***
(0.004) (0.004)

lag2.OIB 0.026***
(0.004)

Adjusted 𝑅2 0.341 0.375 0.394
Adjusted Within-𝑅2 0.334 0.368 0.387
Observations 187,002 179,978 173,320
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Table E.2. Robustness checks

In this table, we present the results from three alternative specifications of the counterfactual exercise
in which we remove excess demand shocks while holding other parameters at their baseline values.
Specifically, we examine the robustness of our results using (1) the baseline model with Koĳen and Yogo
(2019) demand parameters, (2) an alternative model with linear quadratic and weakly convex equity
issuance costs similar to Hennessy and Whited (2007), and (3) an alternative model with nonconvex capital
adjustment costs as in Lin and Zhang (2013).

(1) (2)
Baseline Model Koĳen and Yogo IV demand parameters

Δ%Var(log(MPK)) -23.82% -38.54%
Δ%TFP loss -22.30% -36.53%

(3) (4)
Convex equity issuance cost Non-convex capital adjustment cost

Δ%Var(log(MPK)) -24.00% -36.55%
Δ%TFP loss -22.78% -34.77%
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Table E.3. Indirect Inference for High/Low Tangibility Firms

This table presents the model parameter estimates for the subsample estimation. “High TG” (“Low TG”)
is the subsample of firms with above (below) median asset tangibility. Panels A and B present results
for parameters that dictate investor demand and firms’ operations, respectively. The definitions of these
parameters are provided in Table 3. Panel C reports the bias correction for each subsample, which is
calculated as the difference between the regression coefficients in the data 𝜸 and estimated demand system
parameters 𝜷.

Panel A: Parameters Governing Investors’ Demand

Descriptions Low TG High TG

𝛽𝑚𝑎𝑟𝑘𝑒𝑡 Demand coefficient on log market equity 0.3429 0.3584
𝛽𝑏𝑜𝑜𝑘 Demand coefficient on log book equity 0.1150 0.1149
𝛽𝑝𝑟𝑜 𝑓 𝑖𝑡 Demand coefficient on profitability 0.8263 0.8101
𝛽𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 Demand coefficient on investment rate -0.0261 -0.0263
𝛽𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑 Demand coefficient on dividend yield 0.4863 0.4861
𝛽𝑚𝑘𝑡𝑏𝑒𝑡𝑎 Demand coefficient on market beta -0.0094 -0.0093
𝜌𝜖 Auto-correlation of excess demand 0.7209 0.7327
𝜎𝜖 Standard deviation of excess demand 0.0904 0.0899

Panel B. Parameters Governing Firms’ Operation

Descriptions Low TG High TG

𝛼 Curvature of production function 0.6109 0.5828
𝜌𝑧 Persistence of idiosyncratic productivity shocks 0.8081 0.8133
𝜎𝑧 Standard deviation of idiosyncratic productivity shocks 0.0868 0.0863
𝛿 Depreciation rate 0.1521 0.1460
𝜉 Capital adjustment cost 0.3468 0.3470
𝜃 Collateral constraint 0.7133 0.8421
𝜙 Linear equity issuance cost 0.0860 0.0976
𝑓 Fixed operating cost 0.0579 0.0624

Panel C. Bias Correction

Descriptions Low TG High TG

𝛾̂𝑚𝑎𝑟𝑘𝑒𝑡 − 𝛽𝑚𝑎𝑟𝑘𝑒𝑡 Differences in Demand coefficient on log market equity 0.4822 0.4732
𝛾̂𝑏𝑜𝑜𝑘 − 𝛽𝑏𝑜𝑜𝑘 Differences in Demand coefficient on log book equity -0.0942 -0.1021
𝛾̂𝑝𝑟𝑜 𝑓 𝑖𝑡 − 𝛽𝑝𝑟𝑜 𝑓 𝑖𝑡 Differences in Demand coefficient on profitability -0.6941 -0.6725
𝛾̂𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 − 𝛽𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 Differences in Demand coefficient on investment rate 0.1298 0.1051
𝛾̂𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑 − 𝛽𝑑𝑖𝑣𝑖𝑑𝑒𝑛𝑑 Differences in Demand coefficient on dividend yield -0.2327 -0.2542
𝛾̂𝑚𝑘𝑡𝑏𝑒𝑡𝑎 − 𝛽𝑚𝑘𝑡𝑏𝑒𝑡𝑎 Differences in Demand coefficient on market beta -0.0437 -0.0442
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